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2.0  APPROACH 


2*1  Selection  of  Appropriate  Algorithms 

Numerous  dassification  algorithms  were  coosidered  as  candidate  methods  for  extracting  natural 
and  manmade  features.  These  included  the  parametric  supervised  classifiers  such  as  the  Bayesian 
discriniinant  and  Mahalanobis  distance  classifiers;  non-parametric  supervised  dassifiers  su<^  as  the 
aamde  Eudidean  minimum  distance,  and  error  correction  tediniques  such  as  the  Ho-Kashyap  and 
WidroW'Hoff  methods;  as  well  as  unsupervised  clustering  techniques  such  as  K-Means  and  die 
ISODATA  methods.  Because  these  methods  are  commody  documented,  knowledge  about  them  is 
assumed,  and  details  are  only  brought  into  the  discussion  as  needed.^  Kfothemadc^  descriptions 
of  the  selected  algorithms  are  given  for  reference  and  for  the  sake  of  being  precise  about  what  is 
actually  being  tested. 

Fasten  lerience,  along  with  some  theoretical  considerations,  led  investigators  to  exclude  clustering 
method  from  t^  current  effort.  Such  methods  are  perhaps  best  suited  for  sorting  pixels  in  a  non- 
homogeneous  training  class  into  a  small  number  of  homogeneous  ones,  as  discu^ed  in  Section 
2.2.1.  However,  clustering  on  an  image  containing  anything  but  the  simplest  of  scenes  should  be 
avoided.  During  an  effort  conducted  during  the  Persian  Gulf  War  that  was  directed  at  detecting  oil 
against  a  water  background,  the  ISODAT^SOCLASS  method  was  found  to  give  unstable 
rmults.^  In  particular,  two  Landsat  TM  images  containing  almost  identical  scenes  were  clustered 
usins  the  same  ISODATA  process  and  runnmg  parameters.  One  of  the  resultant  class  map  images 
di^layed  very  impressive  results  that  were  in  fact  judged  better  than  the  results  produced  from  the 
Bayesian  discriminant  and  Euclidean  minimum  distance  methods;  however,  the  second  image 
produced  residts  that  were  nonsense  and  totally  useless  for  delineating  oil.  KMEANS  is  a  simpler 
algorithm  which  is  an  alternative;  however,  this  clustering  method  requires  a  priori  knowledge  of 
the  number  of  clusters.  Both  methods  are,  of  (X>urse,  nonparametric. 

From  a  mathematical  viewpoint,  the  disadvantage  in  using  ISODATA/ISOCLASS  is  that  finding  a 
unique  global  solution  cannot  be  guaranteed.  Ims  clustering  technique  may  settle  into  a  local 
rather  iMn  global  solution  (the  minimized  value  of  its  objective  function  is  not  a  global  minimum). 
The  local  solution  generally  depends  on  the  initial  starting  estimates  for  the  seed  clusters  and 
roedfying  different  se^  points  for  the  initid  clusters  can  produce  different  classification  outputs, 
^le  differences  may  or  may  not  be  significant,  but  nevertheless  a  unique  solution  can  never  be 
guaranteed.  In  the  case  of  the  Persian  Gulf  study,  the  results  from  the  second  image  apparently 
settled  into  sudi  a  local  minimum,  and  this  solution  did  not  correspond  to  the  reality  of  the  ground 
features  within  the  scene. 

The  error-correction  procedures  (nonparametric)  were  not  considered  because  of  the  desire  to 
ultimately  use  a  rejection  criterion  for  pixels  that  do  not  match  a  training  class  or  that  correspond  to 
a  mixture  of  classes  (the  need  for  this  rejection  capability  is  discussed  below).  From  a  theoretical 
viewpoint,  the  most  appealing  approach  to  invoking  a  rejection  statistic  is  to  work  within  the 
fnunework  of  a  parametric  model.  Although  a  parametric-based  rejection  statistic  could  be 
computed  separately,  it  seemed  more  appropriate  to  use  a  parametric  model  throughout  this  stage  of 


^Ctarics  W.  Therrieo.  Decision  Estimation  and  Classification.  New  Yoik,  NY:  John  Wiley  &  Sons,  1989. 

StofTie  Bow.  Pattern  Recognition  -  Applications  to  Large  DataSet  Problems.  New  York,  NY:  Marcel  Dekker,  Inc.,  1984. 
^  Rotwft  Rand,  Donald  Davit,  M.B.  Satterwhite  and  John  Anderson.  Methods  of  Monitoring  the  Persian  Gulf  Oil  Spill 
Using  Digital  and  Hardcopy  Multiband  Data.  Fort  Belvoir,  VA:  U.S.  Army  Topographic  Engineer  Center,  TEC-4X)14, 
Aagiist  1992. 
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classification.  Also,  some  limited  eiq)erieiioe  with  the  Wkbow-Hoff  aeitoaB  mfli  mm*  «« 
solution  (although  guaranteed  to  converge)  could  be  ratho^  slow  to  oo^waiffE 

Neural  networks,  such  as  training  by  back  pr(^)agatioo,  are  a  rdaiivety  mim  9m- 

promising;  however,  they  are  also  computadmially  very  mienauvc  and  wMina  »  « 

much  effort  to  implement  and  study,  given  the  resources  availabk.  If  dei».aiufca»  *•-« 

conventional  multivariate  methods  are  found  to  be  significam  aad  cmbwi  .... 

network  aj^roach  may  be  a  promisiug  alternative. 

Therefore,  based  on  the  above  arguments,  the  focus  of  this  eflon  wcwW  i*  t*  aw»  ft****'-"-** 
Euclidean  minimum  distance,  the  Bayesian  discriminant,  and  KlahulMi  aw  •>  . 

Euclidean  minimum  distance  was  included  as  an  alternative  stmpte  aaedtoi 
to  the  other  more  complex  methods.  Given  that  this  method  is  perikafw  fttaii**”*  ** 
classification  methods,  one  can  examine  the  degree  of  improvctiMM  oi  m»m 

invoking  more  complex  mathematical  models.  All  these  daastfim  OMkir  -nm  *.f  »  w...* .. 

gf  (x)  to  select  a  class  for  each  observation  vector  x.  Given  that  dwi*  a  « 

decision  rule  is  to  choose  the  class  to,-  which  corresponds  to  the  mituiBMW  ti  ^  * 

In  an  effort  to  resolve  the  mixed-pixel  problem,  a  linear  mixing  model  mm  f*,- 

basic  method  is  built  on  the  statistical  linear  mealing  approach  as  IS  ckMWMMM»4  «<•**. 
analysis.  Spectral  endmembers  (usually,  pure  pixels)  are  defined  a»  the  wriaxeiua n 
variables,  and  the  mixed  pixel  of  interest  is  defined  as  the  depeodem  tw 

recently  been  proposed  by  certain  researchers  for  broad-band  aad  narww'  aMmi 
data  (see  foomotes  3  and  4  Section  1.0).  As  will  be  disevamd.  wt  fesi  Am  > 

approached  with  caution.  However,  a  couple  of  constraims  can  be  plaoNS  *»i  ii*  Imm*.  • 

help  screen  the  number  of  physically  allowable  con^inatioQa,  and  mima  mih  *«.  w 
coifform  to  what  is  physic^ly  expected  from  a  linear  mixing  pheewaaaaa.  is*  ft*.  4'^' 

physical  constraints  that  will  be  discussed,  we  attempt  to  overcome  gar  -  4^. 

basic  model  and  avoid  misusing  the  linear  regressioo  method.  The*  ii«>  ««»*».  •— «*. 

constraints,  is  proposed  in  Section  2.1.5  and  later  analyzed  by  tMpnmmm 


2.1.1  Euclidean  Minimum  Distance  ClasxiRtr. 

The  Euclidean  minimum  distance  classifier  is  rimpie  and  computatsiiMiTH  imm  t  «  * 
classifier,  meaning  that  the  decision  surfaces  are  hyperpUnea.  The  ^m»m  t«*w*ft**>  •- 

gi  (*)  =  -r?(»)  «  -  (x  -  MiX  (X  •  !*,» 

where  x  is  the  it  dimensional  pixel  vector  being  classified,  and  ift  «  gw  •  i(S«mn***t«**t<*  (Maw*. 
for  class  co,-.  Notice  the  maximum  g,-  (x)  corre^xxxb  to  the  mmmwwii 

The  function  g,-  (x)  is  evaluated  for  each  class,  and  the  pixel  is  aiiwidi*”"*  ^  ^ 
maximum  value  of  g,-  (x). 

This  method  is  most  ^propriate  when  the  emnponents  of  a  vector  tm  mgyi  mm  ft*-**..  *-*yr**i».* 
variances.  In  our  case  of  broad-band  spectral  data,  this  means  gw  baadi  4mm 
and  have  equal  variance.  Of  course,  it  is  commonly  known  that  aeigwi,'  •  be  mm  mm 
dimensionality  of  the  image  data  is  quite  high,  or  the  clasKS  are  ffedntfNi  mmt  msfmmm*.  .  , 
imlikely  that  such  linear  surfaces  will  be  adequate  to  segment  te  iwi^iwni  rtn*  inm  -**«*.^. 
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2JJ  Jflwim  Claaintr 

The  Bayesian  classifier  is  a  quadratic  algorithm  that  generates  hyperquadric  decision  surfaces  (i.e. 
hypeiplanes,  hyper^heres,  hypetellipsoids,  hyperpuabloids).  Accordingly,  it  is  also  more 
co^ex  and  computationally  dower.  From  a  statistical  point  of  view,  die  algorithm  is  attractive 
because  it  weights  die  variables,  and  it  accounts  for  correlation  among  them.  Under  the 
assumption  diat  class  data  belong  to  multivariate  normal  populations,  the  method  is  optimal  in  the 
sense  that  it  minimizes  the  probtAnlity  of  classification  error.  The  mdtivariate  normal  (MVN) 
assumption  allows  the  distrmutitMial  prc^rties  of  each  dass  to  be  completely  specified  by  a  mean 
vector  and  covariance  matrix.  Unfortunately,  violations  of  die  MVN  assumption  (quite  common  in 
{vactice)  and  difficulties  in  estimating  die  class  covariance  matrices  can  potentially  lead  to  poor 
performance. 

The  conditimial  probability  function  for  a  multivariate  normal  random  vector  x  ~  MVN(|i,  1) 
belcmging  to  dass  (q,-  is 


fx|w(x|  to,)  = 


1 


(X-Ii,)a:ri(x-Pi)] 


where  £<  is  the  covariance  matrix  for  dass  oi,-,  and  n  is  the  dimension  of  each  pixel  vector  x  and 
eadi  mean  vector  p,-. 

The  Bayes  dassifier  i^ypeals  to  the  well-known  Bayes  Theorem  and  then  uses  the  logaridim  of  the 

a  posterior  probability  fwpc(tOj|x)  »  fx|w(xi  t0{)  *  P(ti)j)  as  the  definititm  of  the  Bayes  discriminant 
function: 


ft  (x)  =  -  j  •  (x  -  PiVIf  Kx  -  |ir)  - 1  log  1 2i|  +  log  P(a>/)  - 1  log  2x 

During  this  study,  the  a  prion  probabilities  P(<i)j)  are  set  equal  and  do  not  contribute  to  the 
decision.  Since  the  last  term  is  a  constant  thd  also  does  not  contribute  to  the  dedsion,  the  Bayes 
discriminant  function  used  in  diis  study  is 

ft  (x)  *  -}•(*-  my  IrK*  -  Pi)  -  j  log  I  III 


In  obtaining  good  perframance,  the  MVN  assunqition  seems  to  be  more  critical  for  the  quadratic 
dassifiers  (such  as  Bayes)  dian  it  is  for  the  linear  ooes.^  One  reason  for  this  is  that  the 
mathematical  properties  of  die  true  decision  regions  are  well  behaved  for  MVN  prototype  (training) 
distrAnitions  and  can  be  defined  pmtive  dd^te  quadratic  forms.  For  example,  the  legioos  are 
defined  by  conic  sectkms  in  the  bivariale  case  (two  nwlrfagiectial  bands).  The  daadficaiion  n^on 
for  a  particular  dass  mi^t  be  the  hiierior  oi  an  ellipae  or  the  region  between  two  hypetboltt.*  In 
general,  a  quadratic  function  will  define  the  r^ions;  however,  it  is  not  necessarily  a  positive 


2  lUcSirt  A  loawna.  Due  W.  WIcSmb.  W»lrhiTU>f  Smimitt  2»d  GdMa«L  Ei^>»»waad  CKfIk,  NJ  fwawtic* 

nm.  isaa,  pmm»a  p5i3. 

*  T.  W.  Aadusoa.  Am  imroSmctiam  «p  Amrntfm.  GAitaa.  YoA.  MY  Mm  War;  A  Som. 

19S4,  pZ3S 
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definite  quadratic  form.  In  this  case,  the  Bayes  classifier  as  defined  is  no  Icmger  ofrtimal  since  the 
model  is  only  an  approximation. 

Poor  performance  can  result  from  difficulties  in  estimating  class  covariance  matrices.  Such 
difficulties  can  result  from  either  in»ifficient  variation  in  a  sample  (attrflMtable  to  lack  of  fesafure 
variation  and/or  quantization  effects)  or  inappropriately  high  variation  (aitribittabk  to  non* 
homogeneous  samples  and/or  outliers).  issue  is  discussed  further  in  Section  222. 

However,  a  major  contributor  to  poor  performance  is  mixed  pixels  compmed  of  iboic  dun  one 
feature.  If  a  mixture  comprised  mosdy  of  a  predominant  material  is  used  as  a  oatniof  sampk.  the 
MVN  assumption  is  almost  certainly  violated.  The  covariance  wrimaie  for  the  ptedomwiaBi  <das» 
will  also  be  too  high  and  therefore  may  give  the  dass  distributioo  too  hi^  a  spread  (tdtid 
classes  should  have  low  varianoe/covariance  to  rethice  the  overlap  between  danaes)^  If  dtr  mtmmi 
data  are  constrained  to  pure  pixels,  mixtures  in  the  remaining  inui^  dau  can  skew  in 
corresponding  pixel  vector  intensitks  toward  the  wrong  ci^  it^ong  ta  ausdaam&oinotts 

If  the  classes  of  interest  are  well  separated,  violation  of  in  MVN  aswenpriiin  iom  skm 

generate  poor  performance,  so  long  as  the  dtstiibutioa  is  reanonaMy  iyeaastenK  The  tiu^wnt 
seems  to  be  mixed  pixels. 


The  Mahalanobts  distance  dasaifier  is  ttmilar  to  cnotphnuiy  so  hm  ceton*  dus  «n«iw  iitw> 

making  the  dccisioo  based  on  iie  prohohd^  hsaenoa*  o  ranptji  mtm  mm  m^ummf  Manof  wiaw 
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APPROACH 


2^  Basic  Issues 

There  are  ttiree  basic  issues  that  need  to  be  addressed  regarding  techniques  to  extract  natural  and 
niaimiade  inaterials  fiKxn  broad-band  imagery:  the  optip^  selection  of  training  dasses,  inqiroving 
die  performance  of  oonventicMial  alg<»itb^  and  handling  mixtures  of  material^ 

2.2.1  Oatimai  StittHou  of  Tnimint  ClaMMMM 

The  diteesiq)ervised  methods  require  training  data  to  define  protot^dasses.  Itisquite 
conoei^le  diat  die  performance  of  dme  classifiers  will  vary  significandy,  tk^nding  <m  the  skill 
of  an  analyst  to  defiM  appropriate  prototype  dasses.  Not  only  must  such  training  dasses  be 
^lectraUy  sqMuable  fhmi  ea<±  odier,  they  must  be  r^nesentative  of  the  features  m  the  test  of  the 
scene.  Ihere  ate  dte  issues  of  whether  to  choose  a  large  tv  small  number  of  dasses,  to  choose 
tightly  or  loosely  defined  dasses  (in  a  spectral  variance  senseX  as  well  as  to  indude  or  exdude 
mixtures  of  materials  in  samples.  For  exaimle,  givoi  that  one  of  the  dass  categories  of  interest  is 
grass,  do  we  defiM  a  number  of  tighdy  defmed  grass  prototype  dasses  widi  a  small  variance  (that 
we  later  on  consolidate  into  a  single  grass  category  after  dK  classifier  is  finished)  or  do  we 

cmnbiiie  dl  die  grass  samples  into  one  grass  prototype  dass  that  will  exhibit  a  larger  (perfa^  very 
large)  variance?  As  another  example,  given  that  tte  dass  of  concern  is  swamp,  dowedemea 
number  of  swamp  prototype  dasses  (representing  various  mixture  ratios  of  water  and  ve^tation) 
or  do  we  tordude  this  category  and  later  (m  iq^ly  a  mixed-^ixel  algoridim  to  die  rejected  pixels? 

Optimal  selection  of  dass  prototypes  would  seem  critical  to  adiieving  optimal  results  ftcxn  a 
siqiervised  dassifier.  However,  nmn  an  operadmial  point  of  view,  a  key  concern  is  vdiether  it  is 
possible  for  an  analyst  to  identi^  the  protot^  dasses  needed  in  a  timely  manner,  widiout  too 
much  difficulty,  and  without  requiring  an  unusual  amount  of  skill.  Therefore,  it  is  important  to 
MmiilatB  varying  degrees  of  t^rator  skill  and/or  effort,  investigating  the  consistency  of 
performance  re^ts. 

In  most  situations,  an  analyst  will  likely  find  it  difficult  to  define  all  at  once  a  complete  set  of 
prototype  dasses  that  is  truly  representative  of  a  scene.  There  are  two  primary  reasons  for  this 
difficulty.  The  first  teascm  is  that  the  analyst  is  unlikely  (excq>t  in  dx  case  of  very  simple  scenes) 
to  be  aware  of  all  tte  natural  and  manmade  features  that  exist  within  the  scene,  and  even  if  the 
analyst  was  aware,  a  complete  set  of  good  samples  are  often  difficult  to  find.  The  second  reason  is 
that  a  scene  wQl  seldom  be  a  dean  di^lay  of  perfecdy  homogeneous  and  q)ectrally  well-separated 
materials.  Certain  natural  and  manmade  features  are  mixtures  of  materials. 

This  predicament  strongly  suggests  the  need  for  an  iterative  methodology.  As  the  dassifier 
processes  data  within  a  scene  and  encounters  pixels  that  do  not  cone^wnd  to  (me  of  the  prototype 
dasses,  it  diould  have  the  ability  to  reject  them.  Rejected  pixels  could  be  subsequendy  processed 
in  a  number  of  alternative  ways.  In  a  most  simple  manner,  the  rejected  pixels  could  be  processed 
in  another  pass;  whereby,  new  classes  are  add^  to  the  prior  set  of  prototype  classes  and  such  a 
new  set  of  (dass  prototype  used  as  the  training  model.  Alternatively,  the  teje(Xed  pixels  (now 
represrating  a  relatively  small  portion  of  the  original  s(xne)  could  be  cluster^.  More  s(^histicated 
processing  coidd  consider  the  rejected  pixels  as  candidates  for  mixtures  of  the  dass  prototypes. 

As  part  of  the  optimal  selection  process,  outlier  pixels  should  be  removed  from  training  samples  (if 
diey  ate  present)  before  the  (X)variance  matrices  are  computed  and  input  to  the  training  mc^el. 
Oudiers  can  (xxur,  for  example,  when  an  operator  mistakenly  crops  the  boundary  of  a  training  area 
to  indude  part  of  another  feature,  or  perhaps  a  few  scattered  single  pixels  are  located  within  an 
otherwise  homogeneous  area.  The  presence  of  only  one  to  three  outliers  can  seriously  degrade  the 
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*»!Briiimte  of  die  oovarianoe  parameters  of  the  model.  This  issue  is  disnissed  fiulher  in  the  aexi 
sectimi. 

Anodier  issue  similar  to  outliers  is  the  situation  iidieie  a  training  set  actually  coosirts  of  two  or 
three  ^lectrally  well-defined  materials.  Periu^  it  is  impossible  for  an  analy^  to  ohyatoally  draw  a 
boundary  between  sudi  materials  of  interest  because  the  pix^  are  imennixed.  Iftheanal]^ 

knows  the  area  consists  of  a  certain  (small)  number  of  materials,  a  sin^ile  dusSeiing  s^orahm 
(sudi  as  KMEANS)  should  be  able  to  sort  die  pixels  and  form  the  appropriate  nunaber  of 
hcMnogeneous  training  areas. 


the  far  less  st^diisticated  Euclidean  minimum  distanoe  daarifier.  Abo,  at  tunes  dw  LAS  aoftwser 
used  at  TEC  generates  non-fatal  (but  alarming  )  error  messages  r^uding  the  possWe  singidaiwy 
of  some  class  covariance  matrices. 


The  problem  is  addressed  by  attribudne  this  difficulty  to  degenerate  oovarianoe  nrairiOM^  msNtem 
fitxn  insufficient  variation  in  a  san^ile  (attributaUe  to  lack  of  feature  variation  andbr  <|uautianMn 
effects^  and  prcqxising  that  all  dass  oovarianoe  matrices  be  forced  to  have  a  oartien  auninMMn 
variance.  In  particular,  it  can  be  observed  that  walH'daases  often  have  variances  lass  iMB  one 
^th  such  a  small  variance,  the  oovarianoe  factor  in  the  dasrifirr*s  discriaunsBt  huattion  on— s 
the  algorithm  to  form  a  sort  of  impoietrdde  barrier  duU  causes  many  legiriinsii  waasr  aaniplM  thn 
aremily  a  distance  of  2-3  gray  shade  values  from  the  compooeota  of  the  water  dies  ■naavnoaaeie 
be  assigned  to  some  other  dass  that  may  actually  be  a  dwiaace  of  2(M0  gray  dsade  vahras  par 
component 

Improvements  to  the  performance  of  the  quadrdic  daasifiers  can  abo  be  nrade  by  saraowing  onihet 
tnxeb  frcHn  training  samples  (jf  they  are  preaeitt)  b^ore  the  rovarianra  raairioas  an  ocunpenri  ani 
input  to  die  training  model.  AldKH^  the  estimates  of  mean  vaciora  an  not  aignitonty  dlanuil 
by  a  few  outliers,  &e  presence  of  outliera  in  a  training  sampb  can  aertouatyoorrapt  in  cw^misntw 
estimates.  Samples  with  only  a  very  few  outliers,  say  2  to  3  pcroeM,  wfll  gpaaaly  ovonsHnnsi  •» 
underlying  parent  ra^ulatioo^  parti^ariv,  if  the  outuer  aam^  an  front  a  aaaurial  wadi  a  spMrid 
signature  quite  different  frmntte  material  of  interest  For  exanm^  using  Landan  Thanurac 
Miqiper  di^  3  pixeb  of  vegetation  embedded  in  a  sampb  of  100  walar  pbab  would  Sharydi 
increase  the  estimates  of  die  population  oovarianoe  mdrix  ckownii  invcwving  bands  Sd  sad 

(P44*04Stas5t  etc.).  Thb  oudicr  effed  b  easy  to  show,  for  sxirapie,  by  uatng  a  nioiooMwyinwi 
^ireadsheet  program  and  confuting  the  varianoes  for  a  aygib  of  about  lOOpbaia,  wMS  sad 
widiout  a  couple  of  oudiers.  The  removal  of  obvious  oudicra,  if  dny  wanprin  a  funai  pesaaiwapi 
of  the  training  data,  should  be  simpte  to  automate. 


The  most  diallenginx  fuoblem  b  to  find  a  meduntsm  for  reoonniriM  foa  cabtuan  of  nUstuns, 
and  identifying  tM  elonents  and  corresponding  proportions  widda  nsns  nbauna  Obras  • 
scene  omisists  of  pure  pixeb  of  materials  and  &  cmwtfa  memfonad  ibovt  la  Suctians  11 1  uni 
2.2.2, most oonventimial  slgoriduns,  indudin^ the  ttmpbai,  wfflparfom ratser  w«g  Hnwraw- 
once  mixtures  of  materials  ^pure  (tixeb)  are  totroduoed,  the  dUracuiiy  of  in  pfoblna  iuona«!i 
many  fold. 


13 


DESCMPnON  OF 


During  tfw  course  of  this  effort,  all  five  dates  of  Landsat  TM  imagery  were  used.  Initial  trials 
focused  on  die  May  image.  Once  the  behavim  of  the  algoridin^  for  this  single  date  was 
estaUished,  die  investigation  proceeded  to  the  remaining  four  dates. 

Trials  were  conducted  using  a  combination  of  training,  test,  and  ground  truth  data  extracted  firom 
die  mcmtage  image  set  Di^g  some  trials,  the  actual  montage  image  was  dassified  and  numerical 
accuracy  assessed  by  comparing  to  a  ground  truth  mask  usin^  the  LAS  system.  During  other 
trials,  numerical  accuracy  was  accessed  by  classifying  the  training  data  (autodassificatKxiX  ^ 
data,  and  ground  truth  data,  whidi  were  extracted  frmn  the  mmitage  images  using  TEC-developed 
software  on  a  microcomputer.  Any  data  labeled  as  ground  truth  was  verified  by  a  personal  site 
viat  to  die  area. 

Periiaps  die  easiest  way  to  understand  how  this  combination  of  data  was  used  is  to  consider  that  all 
dieae  data  (training,  test,  and  ground  truth)  were  derived  from  a  single  large  pool  of  data,  into 
which  the  investigators  placed  their  ^lecific  datasets.  At  various  times  during  the  effort, 
investigators  extracted  samples  from  the  montage  images  with  some  knowledge  of  each  site  known 
throu^  perstmal  eiqierieace,  analysis  of  the  hi^  resolution  aerial  photogn^^  map  information, 
or  personal  site  visit.  Rather  than  give  a  historical  chronicle  of  the  training,  test,  and  ground  truth 
site  extractions  and  of  how  the  experiments  were  performed,  we  organized  the  description  and 
results  of  the  experiment  by  theme. 

Some  of  die  samples  represent  sites  extracted  with  a  high  degree  of  skill  or  knowledge  (sometimes 
with  collateral  hi^  resolution  photography),  whereas  others  represent  sites  extracted  widi  less  skill 
OT  knowledge.  Any  of  these  sites  would  be  valid  candidates  for  training  data  and  allow  the  testing 
of  algorithms  on  highly  skilled  versus  less-skilled  site  selection.  The  sites  collected  with  a  high 
degree  of  knowledge/skill  would  be  valid  for  training  or  test  data,  udiereas  ^und  truth  data 
(idthough  sometime  located  by  aerial  photographs)  were  verified  by  site  visit 


3.2  Training,  Test,  and  Ground  Truth  Selection 

As  just  discussed,  the  training  and  test  data  were  extracted  from  a  large  pool  of  data  that  can  be 
grouped  into  numerous  candidate  classes/sites.  Eadi  site  (over  300  available  in  this  pool) 
corre^nds  to  a  geographic  site.  The  largest  number  of  sites  are  defined  by  a  LAS  statistics  file 
called  MOSAIC.S^TS  that  contains  a  collection  of  2%  sites.  The  sites  were  extracted,  later 
examined  by  graphical  and  statistical  analysis,  and  categorized  into  a  smaller  number  of  classes. 
Various  descendants  of  the  MOSAIC.STATS  file  were  generated,  resulting  in  statistics  files  with 
as  many  as  99  classes  and  as  few  as  10  classes.  These  &es,  along  with  a  few  other  class/sites 
defined  by  anofoer  investigator  in  another  file,  comprise  the  pool  of  source  data  from  which 
training  and  test  sites  are  extracted  and  defined. 

No  sane  person  would  attempt  to  use  this  particular  method  of  site  selection  in  a  production 
environment.  However,  for  the  purpose  of  this  study  where  we  attempt  a  general  diaracterization 
of  the  algorithms  and  test  for  robustness,  this  approach  is  really  essential.  Scune  scatter  diagrams 
and  graphs  of  spectral  signatures  are  shown  in  S^ion  4.1  (Figures  3  to  11).  In  addition  to 
portraying  the  layout  of  certain  prototype  classes  in  ^)ectral  ^>ace  and  indicating  their  separability, 
these  figures  also  raise  the  concern  of  whether  to  include  a  small  or  large  number  of  training  sites 
and  would  seem  to  suggest  that  a  rigorous  analysis  of  a  large  set  of  prototypes  is  warranted. 
However,  keep  in  mind  that  the  ultimate  intention  is  to  define  the  simplest  method  for  extracting 
training  sites  without  compromising  the  classifier's  accuracy. 
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As  before,  an  attempt  is  made  at  distinguishing  peffoRB<aBoe  ^«'**i**^ 

by  varying  degrees  of  rigor.  A  numerical  scheme  is  used  lo  saoe  «a  •*>  ' 

Qasses  1  to  13  were  selected  qmddy,  based  simply  on  knowtedfe  of  ihe  mm  m*  Ito 
appearance  of  die  site  in  the  multispectral  scene.  They  are  not  part  of  »  sa*  ***■ 

was  rigormidy  analyzed.  Of  these,  classes  1  to  8  are  spectrally  honaw**  **«  ••  mummiif 

rJaas^  that  represent  materials  as  opposed  to  cartographic  featusea.  Cbaasa  Itit*  •»  ^ 
that  reside  in  the  large  class  statistics  file  MOSAIC.»TATS.  Ommt  gpwaw  Jih 
ground  truth  sites  verified  by  high-resoludon  photography  and  site  vtaa 

Hre  pool  of  data  was  used  to  construct  four  data  sets  called  Dataare  A,  Dreaw*  H  immm  >■  m* 
Dataset  GT.  During  the  course  of  the  experiments.  Dataset  A  waa  ttsad  m  a  »wm.ini 
Dataset  B  and  Dataset  C  were  used  either  as  training  data  or  leal  (tea  dafNatean  m-  itm  mm* 

Dataset  GT  was  defined  as  ^und  truth  and  used  exclusively  as  m  deaa  Ma  tmm 

discussion  below,  the  use  ofvarious  combinations  of  these  diiaam  te  Ammmmm  » 

Section  3.4. 

Dataset  A  consists  of  nine  classes  that  were  given  three  diflereoi  penaMBMa  -- 

the  eiqieriments.  These  permutations  are  given  the  names  Difate  Al.  Dmwuw  *i-k  mm  trnmm  ^ 
and  are  listed  in  Table  3-1.  As  mentioned,  these  datasets  were  uaad  rartaaHwii.*  m  mmmu^  mm- 
The  purpose  of  this  dataset  is  to  test  the  performance  of  the  rlataifte  «tea  ihi  aimte*  •*  ■»**»*»■  • 
kept  to  a  minimum,  and  the  selection  is  made  to  represent  specoalty  htaai iigwiw  mi  a*—*’ 
represent  materials  (rather  than  carto^phic  features  such  w  ioate»  uitei^  MMih  (spis 
fields,  etc).  Ihe  working  hypothesis  is  Aat  the  objects  within  a  aonf  {•  4 
are  actually  composed  of  a  small  variety  of  ^>ectraliv-unk]ue  mmnalm  mm  Wm  Mm  mif^  «»>>'- m.*  - 
^lectral  variation  is  due  to  mixtures  of  materials.  Although  at  finer  yi.awi  winutnw  «- 
perhaps  a  large  variation  of  fine  ^rectral  detail  within  the  vanoua  aaMMutK  a  m  iimwr  ni*  m*  m 
level  of  classification  needed,  the%  variations  can  be  ignored. 

Dataset  B  consists  of  26  classes  that  were  given  two  permutMiom  4mnM$  te  *mmm  m* 
experiments.  These  permutations  are  given  the  names  Dataset  B1  tmd  DMSMit  anf  * 

Tables  3-2  and  3-3.  Dataset  B1  contains  20  classes  and  was  anad  m  •  tminien  i« 

contains  these  same  20  classes  (Classes  100-194)  {dus  an  additwtte  ats  tMmmm  i-timmm  > 
however,  note  the  data  from  these  classes  were  sampled  so  that  no  daw  amawiiiiif  -mmm  mm 
samples.  A  somewhat  different  working  hypothesis  (fiom  that  m  Dnaww  AJ^  mm  mm  m  mm  mmt 
classes  cone^nd  to  cartographic  features  that  nuy  or  may  not  ba  putt  saaswiini  law 
this  dataset  were  sometimes  u^  for  training  and  sometimea  aaad  w  a  imp  rnmmm  Amm  •* 
(dasses  were  also  used  to  study  the  statistical  properties  of  aone  of  te  dmm  awwOufu  wn 

Dataset  C  contains  25  classes  and  was  used  as  a  source  for  aom  of  Mm  yiapiu  w  Mmm  mm  mm 
mixture  analysis.  The  original  intention  was  to  use  these  daaaas  w  aai’dfoji  mmmm  rnmmmtti  m» 
test  data  for  further  classification  runs;  however,  die  study  ww  baowMiaii  mmrnrn^  mm  t  mm. 
decided  to  halt  the  classification  trials  in  favor  of  perfonning  Mm  iniiiwi  mur-Tiri  »  dwi* 
of  these  classes  is  listed  in  Table  3-4.  For  the  most  part,  these  gUmms  ttm  i-m  ,  mmm** 

number  of)  geographic  sites  extracted  from  within  the  broader  dassw  is  tiaww  *. 

Dataset  GT  contains  eight  classes  and  was  used  as  test  data  for  sows  mf  Mm  mm  »  iw»-»  * 

given  in  Table  3-5. 

^^ndix  A  provides  supporting  statistical  data  fcx  the  trials,  bi 

list  the  mean  vectors  for  the  classes  in  Datasets  A  and  B;  TaMe  A?  Ites  Mm  rt— tisii»  rnmn  -.ni  ** 
the  classes  in  Dataset  A;  and  Table  AS  lists  the  correlatioo  roatricet  te  Mm  fDmmm  m  * 
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DEaCRgnON  OF 


EXPERIMENT 


dincled  at  swamps,  which  can  {nesimiably  be  modeled  as 
The  trials  addms  two  questions: 


(tj  h  S  fWisMi  ifeM  Mdaiaiban  other  ihaa  water  tad  v^ttalioii  can  be  used  to 

atliVMiyaadilwwnp? 

CQl  b  a  psarihii  to  dMapiUh  the  type  of  ve(elatioa(e^gnM,  deciduous  trace, 

CTsMsijr  mlMad  lo  dtoss  questions  is  the  issue  ctf  noounique  sdutions,  which  is  explored  in  detail. 

T«i  mmfim  wm  lekcted  to  lest  the  linear  mixing  model.  These  were  extracted  frexn  Dataset  B2, 
and  0mm  C  Md  are  identified  as  follows: 


laid 

Matoriel 

C174 

Swaaip 

cin 

Swuap 

ClTt 

Swemp 

C\2i 

Gfito 

C12S 

Gna 

C133 

Uef 

B140 

Pine 

BteO 

AephehRW 

Bl«2 

Coacrele 

B190 

Wuer 

Ths  ssrsMps,  C174,  Cl  75,  C176,  are  die  materials  assumed  to  be  mixtures  of  water  and  some 
type  nf  vsfsfarinti  The  remaining  materials  are  t^ted  as  possible  endmembers. 

The  snaljfiis  Ibcueed  on  an  ^iproach  that  begins  with  pairwise  combinations  of  candidate 
sndMsnibm.  and  expands  t&  model  to  indude  additional  endmanbers  only  if  the  best  pairwise 
awdai  is  inadequate.  Prior  to  this,  trials  that  considered  fiill  regresskni  model  cxnnbinations  of 
dMs  lo  four  eadmanbers  were  tested,  and  a  standard  method  of  model  reduction  was  attempted. 
This  illamsrii  r  approach  seemed  to  offer  no  advantage  over  the  qiproadi  that  begins  with  pairwise 
madmuabm  oombraMioas,  md  had  a  number  of  disadvantages,  indudi^  too  few  degrees  of 
feeedoM  far  the  residual  sum  of  smiares,  the  possibility  of  negative  coefficients  (imi^ying  a 
iiTpi1t"T  of  the  corresponding  materialX  and  problems  of  imposing  the  physi^  constraints 

mtit*****^  in  Section  2.lii. 

The  trials  i«*gw«»  with  determining  die  domain  limits  defined  by  eadi  of  the  pairs  of  endmembers. 
Tbsae  tfawbe  must  necessarily  be  considered  approximate  because  sample  mean  vectors  for  eadi  of 
dw  endmembers  were  ua«l  m  the  definition,  and  since  each  sample  is  a  cloud  of  data,  there  are 
otrekresty  jadHridual  endmembers  in  each  sample  that  would  increase  the  width  of  the 
domninmMerval.  A  better  method  of  deflning  the  interval  would  periiqis  be  to  dioose  the 
extraiiHsnis  of  the  data  doud,  so  long  as  these  extremums  were  not  outliers.  However,  this  would 
have  inrrfT***  the  complexity  of  implementing  the  trials  beyond  what  could  be  allocated  to  the 
curmt  effort  Such  a  method  should  be  tested  in  the  future. 


DKScaurnow  09 


The  donuiiii  ^tMval  limits  were  used  to  assign  a  degree  of  oomptianoe  (DOC)  with  die  first 
phyajcal  oonatiaiitf  to  restrict  the  allowable  endroanber  combinations.  Regression  models  are  dien 
computed  with  diagnostic  statistics  for  each  of  the  pairwise  eadmembcr  oomlMnations.  AnF-ratio 
is  UM  to  assess  die  statistical  si^nificanoe  of  a  modd.  If  none  <rf  the  candidate  eoctoeinber  pairs 
had  pnxhiced  a  statistically  agnificant  model,  then  the  model  would  have  been  eiqiaiided  to  indude 
additional  endmembers  (up  to  a  d-oon^Kxient  model). 

The  selectioo  Mooess  m^doyed  four  criteria:  (1)  suitable  endmember  combinatioos  need  to  have  a 
h^  DOC  wim  the  first  ocMistiaint;  (2)  large  F-ratio  modds  woe  consideted  si^ierior  to  smaller 
ones  in  a  stadsdcd  sense;  (3)  die  mo^l  needed  to  be  physically  relevant  by  passing  dw  second 
constraint  diat  all  modd  coemdents  were  positive  and  sum  to  approximately  die  vahie  of  one,  as 
mmitkmed  in  Secticm  2.1.5;  (4)  eadi  and  every  residud  must  be  small. 

Results  are  discussed  in  Section  4.7. 
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4.t  DISCUSSION  or  imiLTS 


4.1  Gnpkkal  Analysis  of  Raal-World  Spactral 


tibe  ^)ectnl  nature  of  die  featuies  beiag  studied  by 
of  the  data.  Just  as  a  {rfcbiie  can  be  worth  a  tbouMnd  woedik  ao 
many  numbers. 

Hie  data  are  presented  in  two  ways.  Rgures  3  ami  4  sia  pwiacsinni  ofiny 
acattenj^ots  cu  data  derived  from  some  m  dw  irainiag  dnims  dM  anm  nmi  < 
peifbomanoe.  Figmes  5  to  12  are  graphs  of  signatures  derived  Dam  a  fcw  a^ 
and  ground  tiudi  sites. 

Observing  the  scatterploi  projecrioos  in  Figures  3  and  <  one  psopany  Dm  bn 
obvious  is  bow  samples  nom  ooncrele,  ai^halt.  waiar,  daddiions  Mm  and  c 


I  from  ooncrele.  asphalt. 


dusMs  that  do  not  overlap. 

Nodoe  die  two  scnsrate  dusters  I 
diet  even  diougli  both  dasam  are 


these  two  daeam  were  oombined  Mo  a  etagis  Mma 
be  quite  large  and  likely  lead  to  oonftadon  whh  dm  d 
a^yris  in&ates  that  they  should  not  be  nomhiaad 


The  second  thing  to  notice  shout  daeam  Grass- A  end  OmnMl  is  mm  n  s  (me  •  dmun  Mi 
ConcreteandO.  Veg  centroids,  the  two  gram  daaam  he  on  dMlrna  tim  »  ms  lai  uM 
3orFigure AmKhrqxesentingdiflareaipro^ectiaasinnpeMsiipaan  liasiSMdMiiM 
obsmvation  thm  Orass- A  appeaia  to  be  locaiBd  oaiMsy  M  Ds  Ms  unmassMt  Qaassmn  m 
Veg.  Since  concrete  spectra  often  leaeiriblcssoiipaGM  ids  gpmnmmpiipMhmdt  Mi « 
■iyitfirMit  fia  flnmpnwMtf;  it  k  a  ariamre  of  ^wigaiaane  amt  esdl  lMndMn.aM» 

interpretations  can  m  given  to  Orasa- A  The  fiat  is  Dm  dM  tinm  mpmnmam  s  DnM  smm 
(grmn)wiD  its  own  riihtftil  place  Dapoctrainpaoe.  wMseask  Ds  meami  »  Mb  Dm  mmn 
mixtiM  of  two  aadhtemherdasass,  pure  gram  and  pufesaD  the  essnml  enmnsm  «m  em 
for  urDealthy  or  dying  gram  wiD  a  refarib^  tow  buomm  Mamgensd  wdD  MdMhi  usDen 
gram)  uDere  a  good  amount  of  soil  leflectaeos  is  psssnnL  n  la  emsD  mnHDaMDg  *  Mb  D 
De  use  of  Orass>Am  a  training  dam  in  Trial  2  fenlBadmpnm|MMBnNmm  liMmaama 
numerous  tem  sangdes  widM  im  TBC,  High  Sdtoci  and  Mdl  smn  fMi  dhsdW  wm  tme 
concrete)  were  mierlassified  m  Oraaa-A 


NtoticedM  if  a  Ihmb  drawn  between  Be  onmwidh  of  D  Venemf  1 
Figue  4.  Be  samples  of  C  Vm  Us  very  doss  to  dm  hne  aad  Dm  I 
between  D.  Veg  and  Wmer  1.  is  Das  caas,  h  can  be  amuansd  Dm  < 
potiodm  form  of  vegetation  (oonUsroes)  endDmMliaBaimiatd 
wmer.  Hosrnver.suppomweiamoduoeinwemedemDmiitadni 
Wmerl.  ItisvefyooocsivahlsdmtDisclsmwmocmDy  Mmaas 
apparent  overlap  win  atoo  be  hderoonftrmsd  whan  rpeem  Sis  is 
phsooinsne  oifas  an  simlaostion  for  Ds  coafoetos  BMsn  sd  as  ana 
ooniferoue  trees  hi  the  deaeificattoe  irieiB.  The  grnpbiiEai  esnssi  <d 
possible  dqpnaecy  in  the  spectral  specs  ddtosd  Das  aeaiD  mm 
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DISCUSSION  OF  GRAMnCAL  RESULTS 
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GT46  Ground  truth  •  Swamp  oonaitting  of  water,  graaa,  .^attaila  off  the  Potomac  River. 
C174  Dataaet  C  •  Swamp_2A  located  near  Aberdeen  Proving  Ground. 

C17S  Dataaet  C  -  Swamp_2B  located  in  DelMarVa  Peninsula. 

C176  Dataset  C  •  Swamp_4  located  in  DelMarVa  Peninaula. 

CITS  Dataset  C  -  Swamp_8  located  near  Patuxent 
C179  Dataset  C  •  Swamp_9  located  off  Choptank  River. 
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Figure  7.  Spectral  Signatures  of  Swamp  Sites  MY85 

Figure  7  shows  the  mean  spectral  curves  for  six  MY85  swamp  sites.  Unlike  the  previous  graphs 
for  deciduous  and  pine  sites,  the  curves  of  these  sites  do  not  follow  the  same  trend.  This  is 
particularly  true  for  the  spectral  region  represented  by  bands  B3  to  B5.  Not  only  is  there  a  large 
variation  in  the  intensity  variations  of  bands  B4  and  B5,  but  there  are  significant  variations  in  die 
slopes  of  the  curves  between  B3  to  B5. 

These  variations  are  indicative  of  different  mixing  proportions  in  water  and  vegetation  (along  with 
perhaps  different  species  of  vegetation)  that  compose  the  swamp  sites.  Although  Swamps  Cl  74, 
C175  and  C176  occupy  a  separate  region  of  spectral  space  from  the  other  classes  considered, 
others  do  not.  Note  die  overlap  between  the  GT46  swamp  and  deciduous  trees  (Figure  5),  the 
C178  swamp  and  deciduous  trees  (Figure  5),  and  the  overlap  between  the  C179  swamp  and 
coniferous  trees  (Figure  6). 
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Figure  8.  Spectral  Signatures  of  Siranif  imm  cm  m 


Figure  8  shows  the  mean  spectral  curves  in  October  198S  trvt  mnm  <.  ■  % 

not  available)  displayed  in  Figure  7.  In  addition  to  showing  tfw  nmm  urnm  # 

season,  the  responses  in  October  (particulaily  in  B4)  can  be  used  ^  . 

different  ground  feature  from  confferous  trees,  and  Cl 78  »  a 
deciduous  trees.  For  example,  observe  the  following  diffemioe*. 
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DISCUSSION  OF  CLASSIFICATION  RESULTS 


4.2  Methods  to  Assess  Classification  Accuracy 

The  results  of  the  classification  runs  were  initially  assembled  into  contingency  tables  that  show  die 
results  in  detail  (see  Appendix  B).  Each  row  of  the  table  corresponds  to  a  test  class,  and  the 
columns  fist  the  number  of  samples  placed  into  each  of  the  prototype  classes. 

The  contingency  table  results  are  summarized  by  tables  in  this  section,  which  list  omission  and 
commission  errors.  Eadi  type  of  error  takes  a  different  view  of  the  results.  Omission  error  is 
from  the  viewpoint  of  the  test  (ground  truth)  data.  Given  a  group  of  test  (ground  truth)  data,  how 
many  samples  (fid  the  classifier  mislabel  as  somethin];  else?  For  example,  if  there  are  100  water 
samples  in  the  test  data  and  5  of  the  samples  were  m^assified,  the  omission  error  would  be  5 
percent  Commission  error  is  from  the  viewpoint  of  the  resulting  class  map.  Given  that  the 
dasufier  labeled  a  certain  number  of  samples  as  a  particular  category,  how  many  of  diese  samples 
correspond  to  something  else?  This  error  gives  the  false  alarm  rate.  For  example,  if  the  classifier 
ld)eled  100  samples  as  water  and  2  of  die  samples  were  actually  something  else  (according  to  the 
test  data  or  ground  truth),  the  commission  error  and  the  false  alarm  rate  for  this  category  would  be 
2  percent 

Although  the  ^upings  of  test  data  remain  a  constant  for  all  the  various  classification  trials,  the 
groupings  of  me  class  map  data  are  not  constant.  Therefore,  comparing  omission  error  results  as 
percentages  is  a  reasonable  thing  to  do;  however,  comparing  commission  error  results  as 
percentages  can  be  misleading.  In  comparing  two  trials,  the  percentage  of  commission  errors 
could  conceivably  increase,  even  though  the  absolute  number  of  commission  errors  decreases 
dramatically.  This  is  discussed  further  in  Section  4.3,  where  this  situation  occurs  during  Trial  3. 

In  comparing  the  dass  names  for  training  sites  with  those  of  the  test  site,  one  quickly  notices  that 
there  is  not  always  a  one-to-one  correspondence.  For  example,  the  test  class  Mali  does  not 
correspond  to  any  of  the  training  classes  in  Datasets  A1-A3.  However,  for  our  purpose,  we  could 
consider  the  dassifier  to  be  correct  if  it  labeled  such  pixels  as  either  asphalt  or  concrete  since  it  is 
quite  conceivable  that  a  shopping  mall  would  be  an  aggregate  of  asphalt  and  concrete  materials. 

In  order  to  conduct  a  quantitative  analysis,  some  kind  of  equivalence  musted  be  established 
between  the  classes  in  the  training  sets  and  those  in  the  test  sets.  Of  course,  in  the  case  of  auto- 
dassification,  such  a  correspondence  is  automatic,  and  in  some  test  classes  the  correspondence  is 
immediately  obvious. 

Tables  4-1  and  4-2  define  the  equivalence  between  training  and  test  classes  that  are  used  to 
summarize  the  omission  and  commission  results  as  presented  in  the  following  section.  The 
omission  and  commission  results  are  computed  from  the  contingency  tables  listed  in  Appendix  B 
(Refer  to  this  appendix  for  a  detaUed  look  at  the  classification  results). 
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DISCUSSION  OF  CLASSIFICATION  RESULTS 


TaUe  4-1  Class  Equivalence  Sets  for  Omission  Errors  for  Trials  1*4 


Construction  ■ 

{Asphalt} 

TBCSite- 

{Aqrhah,  Concrete) 

Paiklandl- 

{D.V^} 

High  School* 

{Asphalt,  Concrete} 

MaU- 

{Aaphah,  Concrete} 

Paikland2- 

{Gram-A^  Graas-B} 

BareaoO* 

{Conoele} 

Fhdds-A* 

{Giaaa-A,  Giaa-B} 

Fiekb-C* 

{Gian-A,Gfaas-B} 

Fields-D« 

{Gtasa-A,  Gtaaa-B} 

Gtaas-A 

{Gtaas-A,  Gtaas-B} 

Gfua-B* 

{Gtaaa-A,  Grass-B} 

Giaaa-C* 

{Graas-A,  Giaas-B} 

Leaf* 

{D.Veg} 

Pine* 

{C-V^} 

RcMd-A* 

{Aaphah} 

Runway-C  * 

{Asphah} 

Runway-F  * 

{Concrete} 

Swamp-A* 

{Water  1,  D.  Veg,  C.  Veg,  Water  2,  Grass-A,  Grass-B} 

Swamp-B* 

{Wata  1,  D.  Veg,  C.  Veg,  Water  2,  Grass-A,  Grass-B} 

lhban-D« 

{B.  Roo^  Asphalt,  Concrete} 

Ibban-F* 

{B.  RooL  Asphalt,  Concrete} 

lAban-I* 

{B.  Root  Asphalt,  Concrete} 

Water-Al* 

{Water  1,  Water  2} 

Water*A2* 

{Water  1,  Water  2} 

Water-C* 

{Water  1,  Water  2} 

Table  4-2  Class  Equivalence  Sets  for  Commission  Errors  for  Trials  1*4 

Water  1  *  {Water  Al,  Water  A2,  Water  C,  Swamp-A,  Swamp-B} 

B.Roof«  {-} 

D.  Veg  ■  {Parkland  1,  Leaf} 

CVeg-  {Piiie} 

Asphalt  ■  {Construction,  TEC  Site,  High  School,  Mali,  Road-A,  Runway  C,  Urban-D,  Urban  F,  Urban  1} 

Concrete  s  {TEC  Site,  High  School,  Mall,  BareSoil,  Runway  F,  Uiban-D,  U^an  F,  Urban  1} 

Water  2*  {Water  Al,  Water  A2,  Water  C,  Swamp-A,  Swamp-B} 

Grass-A  s  {Parkland  2,  Reld-A,  I^elds-C,  Fields-D,  Grass-B,  Grass-C} 

Gtass-B  {Parkland  2,  Held-A,  Fields-C,  Fields-D,  Grass-A,  Grass-C} 
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4J  RcsnHt  of  Trtils  1  tMl  2 


T^iab  1  ai¥l  2  wofo  pfdteioifv  trials  ooodMCiB^  oa  a  iio 
apfriiedtobodiliietniainf aadMtdaliu  TteaawoMrii 
number  of  trambif  damm.  Trial  1  ceaiaiM  itm  7  fMaea; 
2ooatati»tlie8pfOloty|wciaaaaaaiDaaaaai A2L  no# 
istheadditiooor agm«daasiBTrial2.  HWMHlmaai 
ern»s  and  omiaaion  mtoci  in  Tables  4*3  and  44. 


Cite)  iwn  nm 
mnaterii»aMite 
smGMMMlAl.  I 


being  labeled  ootrecdy.  Hmmdicm 
Conaequeitfty.  the  daaatftm  bad  no 

The  perfonnaBoa  d^raded  «4an  tea 
Aoooi^nf  loTablas  4-3  and  44  tee 
high  for  ontaiaoteaciaaaae.  I 
daastfler  of  744  pevom  aad  44.7  pi 


Tbeie  is  no  oonoapoodbig 
definitkn  teal  tee  awaaap  I 
Water  J,  Decidetmt  VM«a 
leaaooable  if  ose  oonaMM 
algoritem  would  label  aw 
dnealfler  label 
daaeifier  labeled  aaoef  of  I 
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acceplable  to  tee  aaalyal 
not  be  oeoesaary  to  bate 
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Mscusaow  or  classification  results 


Witt  mmm  ririfnaiii^  ife*  BftjrtM  method  impfovcd  tbe  results  of  the  standard  Bayes 

htmi0»r  Tint  ffiittB—  m  mmmm  mmm  tot  ihe  wmti  dasscs  disaiyeared  and  the  errors  for  the 

WmmrAi  wfriwif  hmm  tarn  m  OuPO*  tmr. 

<tmw-C  unfHMMS  feM»  IS JiXi  tmm  id  (LjQO%  cnof . 

A  mifiiwf  imM  ««i  id  I5J0%  oror. 

anmmi,  tti  hmmip'A  eimum  mem  mot  aensMUy  dasstfied  as  swamp  because  there  were  no 
iwaniy  fiwiifyps  attriaaw,  They  ««se  daaaifWd  as  some  type  of  water  or  vegetation  (see  the 
tiiwmiilHiity  mhmrn  m  Affpmmiu  B  aad  TaMes  4-1  lo  4-2  Usdng  daas  equiviuence  sets). 

ttMA  imfwwKBiiiswi  Kuwwfiwt »  mmjm  flaw  at  the  saodsid  Bayes  algorithm.  Reference  the 
ANNMgiNasy  wwimIH  ttsNHl  m  TaMs  B4  (iv  aadv)  of  Apfwadu  B  and  notice  that  a  large  number 
«#  tta  attattumMaB  waisa  asMl  awaaaf  aaiaplta  were  tobdcd  as  asphalt.  By  invoking 
tbs  mmaiUiin  wammsa  tinuaeMi  all  of  ttt  waan  samples  were  labeled  ocmrectly,  and  the  number  of 
uvauif  Mamtaa  awaliiitsliril  as  wphali  was  feduosd  bom  446  to  102. 

His  ausllttsit  Bayss  oMtttMl  also  impwwcd  the  commission  results,  or  false  alarms,  corresponding 

m  ais  aspllsB  tdasK 


ID  139Hunp)M. 


fhs  Qtts  ulawaa  bw  mmdhmm  mgatanna  tacTaassd  boo  134  samples  to  203  samples;  however, 
<hm  imatwa  •  atw  as  iail  as  a  appaao.  lUliraactty  the  oootingeocy  results  in  Ai^ndix  B,  Table 
B4  tiw  aurf  stttiMi  Was  IBS  «ms  of  ttma  203  saoplcs  belong  to  tbe  test  datasers  swamp  class, 
this  *  a  awsgsry  B*  wbish  Bmw  m  90  sainiiM  daais.  Given  that  swamp  can  be  defined  as  a 
I  *4  mmtrnm  ami  wen*  and  iiM  (bos  m  we  have  not  invoked  a  rejection  criterion,  this 
a  4  awennp  iwmelaa  lo  contlefOMS  ve||!Ct|Wion  can  easily  be  considered  correct  Of 
bw  missffiesi  «rtsk  wisse  lepwatton  crueria  are  tested,  we  should  expect  to  see  such  false 
ilsams  tltsspfss#  I^Sii  is  Caef,  doss  ocoar). 


;siims«n«is  aamasms  «edsn««  ttreshold  vWoes  were  tested  that  ranged  bom  1.0  up  to  25.0  (only  a 
«>sliis  4  Mitt  V«r>*  14  Bs  mmt  and  liBsVar»3  on  other  classes  is  shown).  The  best  results  were 
asMsvsd  Be  Bs  vafiiss  tterwtt.  A  latfer  value  for  water  tneteased  the  errors  for  other  classes, 
oiteruBs  f  amnllne  vahiu  imaeawd  Be  errots  for  Be  swamp  dass. 


Hlu  twNi  c^awasttp  saiaii^  di— ea  waa  actually  toentiooal  for  this  trial.  Other  trials  include  this 
4mm.  ronuitpieiwty.  Be  isane  of  whedMr  to  identify  swamps  using  numerous  training  classes  or 
woim  e  flMttttttu  ippeouKh  mm  he  eapfotad.  Using  the  training  dass  approadi,  many  training 
-riTm  for  awaittp  ew  liiefy  m  ha  aaadad  for  a  scene  because  of  the  large  variations  of  possible 
mimttftu  ( e  g.  fiH  water  end  20B  vagetttioa;  50%  avater  and  50%  vegetation;  20%  water  and 
40%  aep^W  9m.  \  mat  to  mn/tmo  Be  various  possible  species  of  vegetation. 

tf  *  iMiNmeu  spnmuvft  «  sflutapled.  one  strateiQr  would  be  to  dassify  swamps  as  either  water  or 
aipeinttoii,  Witt  Bu  inteatico  to  mjmet  by  the  ^-eeptared  threshold.  In  rejecting  the  dassification, 
9mt  Ban  wmanBurlsp  Bat  Ba  sac^des  ware  rejccttd  as  a  water  or  a  vegetation  dass^  they  could 
tm  tmumti  m  mik  for  mmed-pigicl  anslyais.  Subsequent  tnalysis  would  then  recognize  the 

Bat  fwimp  »  a  otisfura  of  water  hkI  vegetation.  However,  if  the  samples  were  rejected, 
hat  fuittainhawd  se  esphab.  Bis  strategy  would  fail. 
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DISCUSSION  OF  CLASSIFICATION  RESULTS 


Table  4>5  Auto-Classiflcadon  Errors  for  Trial  3 

This  taUe  lists  the  peicentsgs  of  enor  is  clsssifying  the  ptoiotypes  within  escb  of  the  clssses  in  the  training  set 
A3,  using  the  Modified  and  Standard  Bayes  dia^minant;  the  Mahalanobis  distance;  and  the  Euclidean  diatanoe 
methods. 


PROTOTYPE 

hfodified 

Bayes 

Staodud 

Bayes 

Mahalanobis 

Eudidean 

WaUr  1 

0.00% 

0.00% 

0.00% 

0.00% 

B.  Roof 

0.00% 

0.00% 

0.00% 

0.00% 

D.  Veg 

0.00% 

0.00% 

0.00% 

0.00% 

C.  Veg 

0.00% 

0.00% 

0.00% 

0.00% 

Asphalt 

0.00% 

0.00% 

0.00% 

0.00% 

Concrete 

0.00% 

0.00% 

0.00% 

0.00% 

Water  2 

0.00% 

0.00% 

0.00% 

0.00% 

Grass-B 

0.00% 

0.00% 

0.00% 

4.17% 

Table  4-6  Commission  Errors  for  Trial  3 

This  table  lists  the  commission  errors  in  classifying  the  test  data  test  Set  B2,  using  the  Modified  and  Standard 
Bayes  disctiminan4  the  Mahalanobis  distance;  and  the  Euclidean  distance  methods.  Training  Set  A3  was  used  to 
train  the  daasifler.  The  modified  Bayes  was  run  using  minVar  >16  for  the  water  classes  and  minVar  «3  for  all  other 
classes.  The  commission  errors  were  computed  using  the  *dass  equivalence  set  for  commission  errors*  listed  in 
Table  4*2  and  the  contingency  results  listed  in  Td>le  B4  of  Appendix  B.  Both  percentages  and  actual  numbers  of 
errors  are  given. 


PROTOTYPE 

Modified 

Bayes 

Standard 

Bayes 

Mahalanobis 

Euclidean 

Water  1 

0.00% 

0.00% 

0.00% 

0.00% 

B.  Roof 

— 

D.  Veg 

22.74% 

21.98% 

21J3% 

24.78% 

C.  Veg 

34.64% 

26.17% 

23.73% 

52.82% 

Asphalt 

19.83% 

54.74% 

55.67% 

48.50% 

Concrete 

66.71% 

67.00% 

67.09% 

45.43% 

Water  2 

0.00% 

0.00% 

0.00% 

0.00% 

GrasS'B 

29.48% 

31.67% 

34.10% 

20.29% 

PROTOTYPE 

Modified 

Bayes 

Standard 

Bayes 

Mahalanobis 

Euclidean 

Water  1 

0 

0 

0 

0 

B.  Roof 

D,  Veg 

266 

244 

224 

311 

C.  Veg 

203 

134 

117 

440 

Asphalt 

139 

681 

707 

599 

Concrete 

523 

530 

532 

159 

Water  2 

0 

0 

0 

0 

GrasS'B 

263 

298 

343 

97 

Table  4>7  Omlssioa  Errors  for  Trial  ) 


This  able  lisa  the  omission  enon  in  dassifyins  the  leal  dam  aai  Set  B2.  a*  aiiinni  ii 
discriminan4  the  Mahalanobis  disancc;  and  the  Eudidsan  diaaact  aa'amiiii  Teamoit  Sk> 
dassifier.  The  modified  Bayes  was  ran  using  mlaVar  aid  iof  Oa  mm  timmm  mu  mm*m 
The  omission  enon  were  computed  using  the  'ctaaa  cquivakam  as*  in  aaHHSMi  tmmm'  mm 
the  contingency  resula  lisad  in  Table  M  of  Appaadia  B. 


TEST  SITE 

Modified 

Santod  h 

lato<aM*w 

*1  -irr-n 

Bayea 

Bayaa 

CoBstrnctioa 

2.94% 

Z94% 

turn 

TEC  Site 

3.85% 

3J5% 

iMom 

iisatO 

Parkland  1 

0.00% 

000% 

ooo% 

High  School 

0.00% 

000% 

noo* 

UOMO 

Mall 

1.41% 

Ul% 

IAl% 

Parkland  2 

0.00% 

000% 

040% 

uooo 

BarcSoll 

0.00% 

000% 

040% 

Flelds-A 

<9.30% 

<8.10% 

«JB% 

eoiiNO 

FIcldi-C 

<8.32% 

<8J2% 

<7.m 

«a,it.‘ai 

Ficlds-D 

1.89% 

094% 

000% 

sa.  w% 

Grait-A 

0.00% 

000% 

040% 

l»0N0 

Gratf'C 

3.23% 

000% 

040% 

SO  *^jO 

Leaf 

1S.<0% 

19.40% 

2»oa% 

tmo 

Pine 

2.54% 

3J2% 

AJIMI 

iUxOMh 

Road-A 

18.7<% 

t<J<% 

10 .1%% 

t.sa% 

Rnnwaj’C 

0.00% 

000% 

04W% 

(aJO% 

Rsairaj'F 

0.00% 

000% 

04P0 

l/%N0 

Swamp’A 

15.20% 

<047% 

•030% 

.  '%% 

Swamp'B 

0.00% 

000% 

osapo 

l«0M0 

Urban-D 

0.M% 

000% 

040% 

I^J%% 

Urbaa-F 

0.00% 

000% 

04W% 

Mmm 

Urbaa*I 

0.00% 

000% 

040% 

umm 

Watcr-Al 

0.00% 

1490% 

1020% 

1.^040 

Watcr-A2 

0.M% 

200% 

2%% 

IaWSO 

Watcr-C 

0.00% 

t5JB% 

tsaa% 

VONO 

The  Fields-A  and  Fields-C  sites  generated  the  bigjbeaf  amiamm  nmn  t%mm  Mm  Tir-r  mmmm 
to  be  agricultural  fields.  Their  spectral  behavior  and  the  ftmatam  fmm  tmtbmmmm  ^  mm* 
be  understood  by  referring  to  Appendix  A,  wbkh  liaia  omwi  ifMW*  w  fv*  mm  mm 
May  85,  August  85,  October  85,  and  March  85. 


Consider  the  mean  spectra  for  Fields-A.  Nolioe  dhM  far  tfw  Mw  9*  mm  mmtf  ** 
as  May  85,  October  85,  and  Mardi  85),  the  mcao  yacoal  M  mm  mm  tm 

the  signature  of  vegetation,  but  rather  it  is  doeer  ID  dM  of  «a«  ‘--yrr  ""  irt  on. 
signature  changes  quite  dramatically  to  one  that  is  iadfaMive  of  ewwiimP* 

This  is,  of  coipe,  quite  troical  behavior  for  cropa  It  alw  caffanw  m  W  mm 

where  the  majority  of  the  Pields-A  samples  were  labeled  Cemamm  m  <4 

classifier  used).  In  addition,  approximately  20  to  ^  peyoeet  vteww  ^  i* 

deciduous  trees  (For  further  reference,  see  Table  &4  le  Afpee^  Wk 
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TiMm  44  Id  4'12  nwwmnw  ilw  mmdm  at  «tMg  mm  miotilma  tfipwnhK  mm  mm 

dSHmm  mjitcikm  AnaBnkiK  TW  tg/hwi  wtjitt.’mja  «Twm>>t  mmm  mm 
twvit  >  lywid  liialwiiintiii.  <i«(ianr  (fc>  mm  skm  tmtmiMa  »»  mm  tmujim  m$  wwwr^j 

pmm  dMa  Bm  vmim  mm  mpxmuk  Ot  im  rnmm  mm  l^i•itll>  «»  nHw  rnmia  mmrn  m  Mk  ima» 

to  tfut  vakic  wimm  onowyna^  ib  «  iw  mnii<n>  JtMiB<awWi.»  «  >fg(wn  ^  rnmarnm 

attdaib>iwfkaw«  tt»  -Ql,  mm  m  aini-w>'akTiai»ji  ♦  i  #  famm  »iihi.>  mm  mm  mrn^  «». 

qpMMCioo  bdoflfiKl  io  ms  mm  mm  mm  mtmkmi,  im  mm  atfoonc.  iiiwwifi  mii  u  mum  m 
coBHBOBly  **<M**«f  a  Tyfw  1  taet. 

Daocaaiaf  dua  o  aaMatef  will  rnmm  m  «  mmUm  T>fs  I  tMur  mmm»m  »  mm  mmt  w  *  h^fkm 
II  mtm.  ATyfW  il  caar  nwafiwiii  a*  a^Tnptiin  mm  mmmfm  m  m  oiaw  ih*  mm  mmmt' 
wnra  k  acftaitty  cmtmpmm  to  tawi  mmm  rnmm^  iMmwMi^  Mw  f  >fit  S  cmw  wat4  iMimn 

iacvaaaa  mt  rtaMiHraiina  mm.  Irnmmm.  *  mmm*  mmmrn  4  laaniwi  wat  m  wa-iwi 

Some  pomrcwriwial  mtrnmm  qfiai  («««•  m  LaS/  9mm  mm  o  rntmoim  • 

durnahold,  bm  lhp««  a  irntf  ornmrnf  mm  <*  •««!•  «aMiM«  m  laiwt— 1>  «*  mm  mm  mm  m  *  Mm 
At  Oat  cpBiidwaBoa,  a  mmdm  mmm  mm  mmOMum  »  mmm  wniiii  wmHi  mm  rnmmmttml^  •>  Mm 
vahw  erf  o  •  .005  wm  mtmkt  mtf  9m  rnipmmmm 

TGCa  MU  t.iwifwafa  laaaMrf  i»  laiMMa  mm  mm  rntm  mm  mrnmMf,  m  m  amiapmi  Irmw.  wall 
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Discusaow  OF  CLASSinCATlON  RESULTS 


TaMt  4-11  laTM  OadaalMi  RcsiUts  Uting  5  TUbm  the  Value  •  Trial  3 


of  ■iortoMiflid  aad  aodaioified  pi»la,  ao  well  u  the  loUl  pciccnUge 
iM  la  B2  fair  •  Ifaitifaold  valite  of  84i)5,  derived  from  the  chi-iquafe  lUtistic 


Undomified  OmiMion 


CoMirwetUa 

OjOO% 

41.18% 

41.18% 

TIC  aue 

000% 

100.00% 

100.00% 

Hefaloai  1 

000% 

000% 

0.00% 

■faa  loiMol 

000% 

96.43% 

96.43% 

Moll 

000% 

96.77% 

96.77% 

rorfatioi  3 

000% 

14.49% 

14.49% 

•ore  Soil 

000% 

10000% 

100.00% 

rUMo-A 

26.40% 

6540% 

92.20% 

SteMa-C 

000% 

10000% 

100.00% 

noMa-O 

l.S9% 

0.00% 

149% 

Crooo>A 

000% 

60.92% 

60.92% 

Craoo^ 

3.23% 

343% 

6.45% 

Uof 

1SA0% 

0.00% 

15.60% 

ruo 

133% 

147% 

240% 

Kootf'A 

140% 

65.47% 

67.27% 

■aawof'C 

000% 

749% 

7.69% 

Bo««oy<f 

000% 

22.68% 

22.68% 

•waaf-A 

000% 

57.08% 

57.08% 

Swoaa-t 

000% 

50.00% 

50.00% 

Vr%oa-D 

000% 

62.96% 

62.96% 

Urfaoa-f 

000% 

9333% 

9333% 

Vrfaaa<l 

000% 

7.14% 

7.14% 

Wotor>Al 

000% 

0.00% 

0.00% 

Wolor-AJ 

000% 

0.00% 

0.00% 

WoiorC 

000% 

100.00% 

100.00% 

firnmugo  of  loK  mi  oadMitfied  ■  2739% 
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PISCU^OW  OF  CLASSIFICATION  RESULTS 


Table  4>12  Bayes  Omission  Results  Using  7  Times  the  Value  •  TVial  3 

This  table  lisu  the  percentage  of  miadaasified  and  imrtaaaified  pixels,  as  well  as  the  total  percentage 
omitted ,  for  eadi  of  ttie  test  sites  in  B2  for  a  thteahold  value  of  117.67,  derived  bom  the  chi-square  atatiatic 
with  6  degrees  of  freedom. 


7 

Conatrnctioa 

0.00% 

TEC  Site 

0.00% 

Parkland  1 

0.00% 

High  School 

0.00% 

Mall 

0.00% 

Parkland  2 

0.00% 

BarcSoil 

0.00% 

Flclds-A 

31.10% 

Fielda-C 

7.92% 

Ficlds-D 

1.89% 

Graas-A 

0.00% 

Grass-C 

3.23% 

Leaf 

IS.60% 

Pine 

2.29% 

Road-A 

2J9% 

Ranway*C 

0.00% 

Rnnway-F 

0.00% 

Swamp'A 

2.38% 

Swamp-B 

0.00% 

Urban-D 

0.00% 

Urbaa*F 

0.00% 

Urban-I 

0.00% 

Watcr-Al 

0.00% 

Watcr-A2 

0.00% 

Watcr-C 

0.00% 

1  Inrtusaifiod 

Omission 

17.65% 

17.65% 

100.00% 

100.00% 

0.00% 

0.00% 

85.71% 

85.71% 

87.10% 

87.10% 

1.45% 

1.45% 

100.00% 

100.00% 

57.70% 

88.80% 

92.06% 

100.00% 

0.00% 

139% 

39.08% 

39.06% 

3.23% 

6.45% 

0.00% 

15.60% 

0.25% 

234% 

54.09% 

56.69% 

128% 

128% 

13.40% 

13.40% 

36.96% 

3934% 

833% 

833% 

3.70% 

3.70% 

86.67% 

86.67% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

100.00% 

100.00% 

Percentage  of  test  set  unclassified  =  21.91% 
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DISCUSSION  OF  CLASSmCATIOW  RESULTS 


4J  Results  of  Trial  4 

Trial  4  investigates  the  effect  of  reducing  the  number  of  bands,  repeating  the  analysis  diat  was  done 
<Mi  the  modified  ^yes  ^mroacfa  in  Triu  3  using  the  four  Lan^t  TM  bands  B3,  B4,  BS,  B7, 
rather  than  all  six  ban^  Notice  tfiat  the  dii-square  distance  threshold  value  changes  because 
(tegtees  of  freedom  for  dre  distribution  change  from  six  to  four.  However,  for  consistency  they 
were  selected  in  the  same  manner  <»ie  times  the  chi-square  distance,  five  times  the  chi-square 
di^ance,  and  seven  times  ^  dii-square  distance. 

Table  4-13  shows  the  auto-classification  results  using  only  B3,  B4,  B5,  and  B7.  The  auto- 
dassification  of  4  bands  produced  almost  the  same  low  error  rate  at  ^  of  ^  bands, 
except  that  die  Grass-B  class  contained  4.17  jpercent  error  (compared  to  0.0%  for  6  bands).  The 
results  for  the  odier  dii-squared  values  were  0.00  percent  for  all  dasses  (identical  to  die  results 
achieved  for  6  bands. 

Table  4-14  shows  die  commission  results  for  these  four  bands.  The  same  trend  of  decreasing 
errors  for  decreasing  thresholds  is  seen.  Except  for  the  lowest  threshold  value  x^mC^)  ”  ^ 

results  are  almost  the  same.  For  the  lowest  threshold,  however,  81  errors  occur  for  the  Grass-B 
class  using  4  bands  vs.  39  errors  using  6  bands.  Referencing  tte  contingency  table,  the  dassifier 
is  calling  80  of  these  81  errors  Grass-B,  when  they  should  have  been  called  D.  Veg. 

Based  on  these  results,  there  would  seem  to  be  litde  impact  to  reducing  the  bands.  However,  the 
omission  error  results,  listed  in  Tables  4-15  to  4-17,  show  some  problems.  As  was  the  case  for  6 
bands,  the  trial  for  the  lowest  chi-squared  threshold,  while  maintaining  a  low  misdassificatioo 

error,  resulted  in  mosdy  unclassified  data.  Proceeding  to  the  next  hi^iest  threshold  of 
S  a  66.4,  more  of  the  data  was  dassified.  Unfortunately,  a  large  number  were  misdassified. 
Referring  to  die  contingency  results  in  ^pendix  B,  some  of  the  degradatimi  in  going  from  6  bands 
to  4  bands  (for  this  thr^old)  can  be  compared  as  follows: 


class 

t-hlBd  OTgC 

4-biad  error 

Milw  nut  9f  fraMaa 

TEC  Site 

0.00% 

19.23% 

Samples  being  labeled  as  B.  Roof 

High  School 

0.00% 

60.71% 

Samples  being  labeled  as  B.  Roof 

Mall 

0.00% 

62.90% 

Samples  being  labeled  as  B.  Roof 

BaieSoil 

0.00% 

73.68% 

Samples  being  labeled  as  B.  Roof 

ndds-A 

26.40% 

5450% 

Samples  being  labeled  as  B.  Roof 

Road-A 

1.80% 

3353% 

Samples  being  labeled  as  B.  Roof 

^iparendy,  the  reduction  in  the  number  of  bands  causes  confusion  between  the  samples  containing 
soil  and/or  concrete  and  are  being  confused  with  the  Bright  Roof  dass,  that  is  beliei^  (but  not  yet 
confined)  to  be  metal.  There  does  not  seem  to  be  a  problem  in  confusing  vegetation;  however, 
mixtures  of  soil  and  vegetation  sudi  as  Fields-A  were  also  confused  with  this  Brq^t  Roof  da«. 

Based  on  these  results,  the  reduction  of  bands  from  6  to  4  cannot  be  recommended.  Farther 
reduction  beyond  4  bands  is  highly  discouraged. 
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DISCUSSION  OF  CLASSIFICATION  RESULTS 


4i  EmMIs  cT  Trtel  5 

l)m  of  dut  trial  was  to  iiive^||ate  the  behavior  of  the  three  well-known  supervised 

dmmfkn  ~  die  Standard  Bayes  dbcriininant,  the  Mahalanobis  distance,  and  the  minimum 
Budidaaii  iBriaitfs  -  on  tbta  aa^uired  over  different  seasons  and  years.  Because  of  &e  desire  to 
pfooead  with  testing  the  linear  mixture  modeling,  the  modified  Bayes  discriminant  using  a 
ininMmnn  vwiance  criterion  and/or  chi-squai^  threshold  was  not  tested.  The  classifiers' 
perfoCTMnee  was  tested  against  their  own  training  data  (auto-classification),  and  the  ground  truth 
fOT)  iMt  data  extracted  the  imagery.  Data  m»n  the  five  mosaic  datasets  were  m«d:  May 
l9i7,  hfay  1965,  August  1985,  OctcMr  1985,  and  March  1989.  Therefore,  the  effect  of  different 
leaBOOS  for  (he  same  year  could  be  studied,  as  well  as  the  effect  of  the  same  season  for  different 
years. 

Bestdis  and  discuaaioo  of  the  auto-dassificati<m  analysis  are  first  presented,  followed  by  results 
and  diacusaion  ci  dassificatioo  analysis  oa  the  ground  truth  data  (Gip.  A  description  of  the 
nwaak  data  seta,  and  the  training  set  acquisition  process  and  proj^rties  were  discussed  previously 
in  Sectfona  3.1  and  3.2,  respectively.  Training  statistics  (mean  vectors  and  covariance  matrices) 
are  hated  in  Appendix  A.  More  detailed  results  for  the  auto-classification  runs  are  given  in 
AppradixC. 


Tnlnimt  Anas  •  Set  B2 

Aoto-daaaifkatioo  runs  were  made  on  Training  Set  B2  to  test  the  performance  of  the  Bayesian, 
Mahalanobia,  and  Euclidean  classifiers  when  aj^lied  to  its  own  training  data.  These  runs  were 
lepeaied  usiag  <fofa  from  all  five  mosaic  images:  May  1987,  May  1985,  August  1985,  October 
1 and  Mmh  IS^.  Training  Set  B2  consists  of  the  20  classes  numbered  100-194,  as  shown 
in  Table  3*3  (Section  3.2).  During  this  trial,  classes  8-13  were  not  used. 


The  performance  of  these  classifiers  is  summarized  in  Table  4-18.  This  table  shows  the 
pcrceotage  ci  correct  hits  for  each  class  for  all  three  methods  and  also  the  average  of  correct  hits  for 
(Msii  memod  (^riiere  each  dass  is  weighted  equally).  Note  that  this  summary  consolidates  the 
results  of  dM  ^  trainiM  dasses  into  16  dasses  by  combining  the  three  field  classes  (Fields-A, 
flelda*^  And  Helds-Q  into  a  dass  called  Fields,  and  combining  the  three  water  classes  (Water- 
Al.  Wa(er-A2,  And  Water-Q  into  a  dass  called  Water.  Appendix  C  contains  a  table  showing  the 
resdts  without  the  consolidation. 


The  results  are  n^wrted  with  this  consolidation  because  we  did  not  want  to  penalize  the  classifiers 
fm  confosioo  between  similar  dasses  that  would  eventually  be  consolidated  by  subsequent 
operatkHis.  We  could  have  similarly  combined  many  of  the  others  (such  as  road  and  runway); 
however,  the  performance  was  so  g^  it  did  not  seem  necessary,  and  in  addition,  the  ability  of  the 
classifiers  to  maintain  separability  between  such  fine  classes  provides  additional  insight  into  their 
behav^. 

The  Bayesian  diaoiminant  dassifier  proved  to  be  the  best  of  the  three  methods.  The  Bayesian 
results  were  consistent  across  all  five  dates  tested.  The  overall  performance,  as  well  as  &e 
performances  of  all  individual  cases,  was  excellent.  By  consolidating  only  field  classes  and  water 
classes,  the  average  percentages  of  error  were  1.95%,  1.27%,  0.72%,  2.82%  and  3.68% 
for  May  87,  May  85,  August  85,  Oct  85,  and  March  89,  respectively.  The  highest  error  for  any 
individual  dass  occurred  in  the  March  89  data  for  Leaf  and  had  a  vdue  of  11.20  percent. 
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DISCUSSION  OF  CLASSIFICATION  RESULTS 


The  second  best  classifier  proved  to  be  the  Mahalanobis  distance  dassifier.  Gemrally,  the 
performance  was  very  goc^  with  most  errors  below  10.0  percent  The  average  percentages  of 
error  were  2.81%,  0.9d%,  4.83%,  and  11.03%  for  the  five  dates.  However,  the 

consistency  between  dmes  was  not  as  good.  For  example,  the  Grass-B  dass  maintained  an  error 
rate  of  less  than  10.0  percent  for  all  d^es  except  March  89,  for  vdudi  it  increased  to  50%.  The 
ooiresronding  contingency  table  (not  shown)  reported  that  41.67  %  (10  out  of  24  samples)  of  the 
Grass-^  samples  were  incorrectly  labeled  as  Leaf.  Two  odier  relatively  poor  performers  for  this 
Mardi  1989  data  were  Grass-A  at  21.84%  and  Grass-C  at  32.26%;  however,  they  are  not  as 
bad  as  they  seem.  The  Mahalanobis  dassifier  (incorrectly)  labeled  20.69%  (18  out  of  87)  of  the 
Grass-A  samples,  and  32.26%  ( 10  out  of  31)  as  Fields-A.  If  the  Grass-A  and  Fields-A  were  later 
consolidate)^  die  87  Grass-A  samples  would  have  a  1.5%  error  rate.  If  the  Grass-C  and  Fields-A 
were  later  consolidated,  the  31  Grass-C  samples  would  have  a  0.0%  error  rate. 

Although  not  as  good  as  the  above  two  methods,  the  Eudidean  distance  dassifier  provided  very 
good  results,  althou^  somewhat  lower  and  less  consistent.  The  average  percentages  of  error  were 
13.20%,  8.19%,  4.64%,  14J6%,  and  21.59%  for  the  five  dates.  Again  consistency 
among  dates  and  individual  cases  was  not  as  good  as  for  the  Bayesian  methc^. 

Table  4-18  Auto-Classiflcatlon  Summary  for  Training  Set  B. 


Field  Classes  Combined  and  Water  Classes  Combined 


Baresoli 


Fields 


Grass-A 


Grass-B 


Grass-C 


Leaf 


Pine 


Road-A 


Rnnway-C 


Rnnway-F 


Swamp-A 


Swamp-B 


Urban- 


Urban-F 


Urban-I 


Water 


Training  Data  MY87_1000Sanipies  | 

■  Training  Data  MY85.1000Sanipies 

Bayes 

Mahalanobis 

Euclidean 

Bayes 

Mahalanobis 

Eudidean 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

2.63% 

8.70% 

2.49% 

63.88% 

7.95% 

2.65% 

3937% 

230% 

5.75% 

230% 

1.15% 

12.64% 

1.15% 

0.00% 

833% 

16.67% 

0.00% 

0.00% 

1230% 

0.00% 

16.13% 

16.13% 

0.00% 

3.23% 

6.45% 

3.10% 

2730% 

830% 

130% 

1.80% 

630% 

2.80% 

8.14% 

10.69% 

12.72% 

1736% 

838% 

10.98% 

3034% 

3.99% 

6.99% 

1936% 

5.13% 

5.13% 

5.13% 

138% 

138% 

0.00% 

0.00% 

0.00% 

4.12% 

0.00% 

0.00% 

0.00% 

0.45% 

030% 

30.40% 

134% 

3.13% 

9.84% 

0.00% 

0.00% 

16.67% 

0.00% 

0.00% 

833% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

6.67% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

7.14% 

0.40% 

0.99% 

0.05% 

030% 

035% 

035% 

1.95% 


5.35% 


13.20% 


1.27% 


2.81% 


8.19% 


Table  4*18  Auto-Classificatioa  SnouMrjr  liar 


Field  Qasses  Combined  and  Water  Claaaea  Combind 


>isct»gwifc  Off  MStiLri 


the  20  trtiakig  cUoaes  ^  dHnmfid  (Cl«ae«  ItiO-  iliatw^uftt-ia  f«A»  mmiit  im 
all  5  dates  oo  die  potmd  truth  teat  data  (Set  G7%  Rtyateiir  the  tiirfWrf  ftejwfiaiMi  tniaenaie  im 
only  been  lo^iltHainicd  expetioeataily  on  a  wirwyrianueihf  »art«eBi.ie  i^hiMAawNi  m  &Mnaa  2  3i 
and  Trial  S  waa  oooducaed  se|»anaely  on  dte  LAS  mky  m  araeihMd  fiwynt  «na  ftwiaiiaww 

minimtan  tfataiipe  m^hodh  were  teawd.  AJdwuch  >*e  antairfied  ftayenaaMi  oMli  haM  «msBf  tma 
tested  oo  the  five  daicsi,  lestii!^  of  the  linear  aauBaie  moAti  »as  a  foomy 

T^iiaa  4>19  and  4-20  list  the  rwtnwitiainM  and  owMrtaajn  .imnidWt.  iwteepie*)  la  mmtmA.  Ve 
lesulta  are  not  cowaaimt  acroaa  dues  and  flhm  ate  tt«he  aunetia  m  pnriunnMniV  on  «hmi 
particularly,  for  vefNatiaehrelaicd  daaaee  (Graeanafteida^  Saaeap.  teal  and  fbnrji 

Although  die  BaytMiatt  reaute  were  ttsuaOy  beeanr  Am  has  Etafchdwia  frnrmiriTr.  mef  mmm  ma 
coosiafeinly  beilM  acroaa  dates.  For  eaaapk.  cnaea'lri  At  — r^-n^  n  — ^-ifn  ha  *"--wtr»fVifiti  Tit 
Baycnan  dwatfie*  perfomed  beaer  in  May  I9tt5.  May  ldV7,  aad  MiMtih  IMiL  iMieevwi^  tts 
Euctideaa  dtatanoB  perfonned  beaer  M  AC^  aad  Oeb  — irmit-"  tlwr  nsawiiTnTr  a  niniiUi  ti  w 

Grass.  The  Baycaiao  daaatfier  perfomed  besMr  ta  May  Ifor?  aad  MaMh  lAf»,  chr  w&m  m  Am 
other  dales. 


The  Bayesian  daaaifor  perfomed  oaasMScady  benw  «a  Tiaeriai  muts  ha  Am  tusiaa  okaas. 
however,  the  oonfoatency  did  act  bold  for  m— aanswui-ie  cooes  la  taei.  foe  <Mdy  «*<«t«KW 
inconsistency  is  dte  water  daas  where  foe  foadidKin  denanea  partifwiail  Imim  m  oM  foots 

Given  the  theoretical  advaotagra  ot  mtm  foe  Bayesusi  oefond  «a  fotewamS  m  imtobm  I  L  ewB  tfo 
success  of  Trial  }niinpiovfog  foe  tcasHfoMBayesimdoeafoMMenfok^  fovotyiw  «  rntwouw 
variance  crihnioo  and  foe  cfohac|eaicd  feyrenoa  toraenn.  foo  SMCfood  UbewM  be  fmAmmA  «w«a  «* 
Euclidean  mafonum  dbiance  mcfooil  Ahshowgh  for  fasan  perfomed  t  unMoatnj  lofoa  m  mttm 
during  Trial  3.  recall  that  Trial  3  dmeeawsoja  fomoae  angetsminHi  o  Am  wir<4ifoi  Amfmmm 
method  for  detecting  water. 

The  beet  of  foe  S  dam  for  detecong  Swaofo  was  OC1K3  (dfowegh  foe  n  tmniiwii  wi  mmm  — imnriT 
high)*  This  result  should  be  lahen  wah  oofoofo  however,  boowat  cady  cm  twxwsd  on  lo 
gio^  truth  was  ussd.  There  are.  of  emoe.  •  wMb  rarwow  of  cwmfo  .manik  mnwfmdtag  «c 
various  proportions  of  water  and  vegetaoDA.  m  wed  re  tarwnn  tyfm  eed  v^gowe  of  tegaomo 

Becauac  oo  trend  is  apparaat.  no  defimse  ctodieogn  cm  be  wweied  tefodod  fo*  Mas  mm  cif  vm 
except  perh^  to  ssy  foat  Aaguei  mood  id  be  foe  w«rai  ferfoiawrr  Htwrm.  Am 
August  might  have  just  been  a  problem  wifo  ham.  wbMcJb  was  eKCMceaSey  wcsfoeiiacgaemmr  mvttm 
the  KKM  w  this  dm.  and  not  wuh  foe  amfortyaeg  leene  cKwance  <m  «fe«m 
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Of  MiXTt'M  ANALYSIS  RESULTS 


47  9mmm  n#  Ummm  MMif  Hm4$i  TH0I 

Ikti  fmmm  wrnUk  w  4»  *4  mg  >nwfw  uppsomM  dascMsspd  mi  Secaons  2.13uid33 

m  amIM  mmKm*  m  yfifiini>iii)  «  amam  oi  %«fe««Eioa  aad  waief .  Tea  samp^ 

mm  mkuitmi  m  mm  mm  mmrn  mmtm§  mtaOmi  IWck  »««e  tjonemd  Irmb  Daiaaet  B2.  aad  Da^  Q 
4Mt  mm  ea  t!ir>itiw>ii 


lididt 

Cl?4 

22?^ 

tlW 

Ssimia 

Lila 

hawaa 

Ct£i 

Caaa 

CI.J5 

«jaa» 

Cl  *3 

Uai 

btau 

daa 

mum 

aipnai  tn 

auti 

CMMma 

tn*m 

tauM 

Ola  i:  t  H  t  tTj,  Cl  74,  eea  aiiiiinMl  aifcimatw  hrMif  iwed  The  icmatning  mattriielt 

(MMmI  M  iwOwiemaewi  M  mmaamm 

rha  mmtmm  mnaia  4ailNaa  ay  mm%  <ai  mm  prnm  at  >■>— »iin.  mm  dkamataad  osiiif  ihe  sample 
tVMNM  rnmtm  ft*f  eMail  uf  Aa  emlMaiiilhwat,  A*  aaiam.aaij  la  Sacftoa  33.  fhcae  Uoutt  must 
xa>  waanty  ha  mmummtt  rnnnmmm  mmA  iwaffte  »  a  ddwi  af  <laiB  and  ihm  are 

iUNtmtaly  tarilaMliMii  iwtimaaiaawe  m  mm%  mmmfim  an  mm  amri  pmtwaa  at  dee  doud  thM  would 
tmftmmm  mm  wHim  at  mm  mmmtmkmmrtmL  Tha  «kmi  iiiuiaMa  aadtetaherik  aooofdaaf  10  (he  fim 
il^yMiaal  ■iuuatruMiin  «a  diteia  «iiah  cNa  wallHMaiariirf  (ewpwme  n  lowee  diae  (he  mixture  and  (be 
idiae  emlMiaiiMtair  Wjnnaiia  m  iigM  mm  mm  mtmam  (i«  mm  eeatmendy  t  ^wors  sunound  the 
laMtura,  vtna  ehtiaa  mmi  <lla  mmn  rnmtum  1 


haaNd  hfim  laa«it*ii  «  i  t.  tiipiM  I  Jupiuya  •  fraph  at  as  «daala«d  Wfnaiunr  fractafed  by  a 
ilVW)  UnaMT  AIM  tt  mmk  ««seiaw«a  Tha  anaftsn  ypnctni 10  the  midkSe.  wnh  the  asphalt 

♦yaaWM  >«tt  iha  aMit««i  emi  iha  ^mmmm  «paaiK»  m  tm  feoip  Thn  eitiaaucMi  mm.  at  ooarm,  fully 
<M*fnpliM«t*  with  «fta  (trei  pftyiUaMl  ^aeiMiramf  hy  ^cnancnactwya 

f^itMa  1 1  itaptayy  «*«rta  at  mm  epaatra  eada*  «cu«fy  dhemf  dm  tnal  One  cndmember  combtnatioo 
(Aaphalt  dtAl).  fMnaiaia  |ltA4>  «  ^laarty  met  <aaifimm  «dh  tha  fmt  oxwiruM.  Both  spectra  lie 
^yotnplataty  eiw>va  dia  Vwwip  ft  ^'4  ipaatry  Amemrnt  vmnkmntm  cnmNaancai  (Dcckhioui  C133, 
Wytar  m  aM.*Nt(y  eaa^yliMaa  ta  ihm  <iim.  dta  aaawa  n  bvmudmi  by  the  endiacrobei  ^Kctri, 
eauapi  m  ^mmi  Bi  wilara  emhiMnaba*  wwfwimaa  era  Wfem  d>e  wran^  rcapotue.  Hoarver, 
eha  viHilMtHin  im  «ary  d>|yp»  md  »im  ptw^bwCiiy  tw  eceapeed  d  tha  «  amnca  of  the  fcaturci  foe  B3  ts 


Moik’a  MM>thar  eftamiitiafiM  (er  ika  (TiaeiiJtapan  C  l  33.  W«aty  BlW)  codmendxt 

<.>t>inbiRii(toR.  Bt  Mat  fK^!.  da  DavHiM«iwt  ttufemm  »  hfkrm  dw  rwarnp  K>d  the  Water  response 
^  4Ptiva  dta  awamp  f<ap  |M  it>  da  Dav>dii«>uit  wia|<pwaa  o  abnwe  and  the  Water  respotne  is 
5ak»w  that »!«.  dara  m  a  flip  dat  aeanir  mpmm  poum  betwaau  B2  and  B4  Thrs  crossover  of 
da  apavtra  doulil  ha  irrn^laaixaa  da  tmmdrnt.  unca  da  physical  constratfdi  are  still  satisfied 
tda  ffMJtfura  «pas?i?si  la  itill  h*>u»diHl  by  da  rww?  waieeemhaf  sprctn) 


DISCUSSION  OF  MIXTURE  ANALYSIS  RESULTS 


A 

~  C174 

<3 - C133  “ 

~  B160  ■ 

“  B162  “ 

“  B190 

Figure  13.  Obscnrcd  Spectra  of  Swamp  and  Candidate  Endmembers 


Table  4-21  lists  the  domain  limits  for  some  of  the  endmember  combinations.  In  this  table,  the 
mixture  (Swamp  C174)  is  placed  in  the  middle  of  two  endmembers.  For  the  endmembers  to  be 
completely  compliant  with  the  first  physical  constraint,  the  Swamp  response  must  lie  within  the 
inteiW  defined  by  the  endmember  pair  for  all  bands. 

Table  4-22  lists  the  full  regression  results  for  one  of  the  endmember  models  of  Swamp  C174. 

Note  duU  both  a  model  widi  a  constant  term  and  without  a  constant  term  was  generated.  This 
approach  is  used  for  all  the  various  combinations.  For  each  combination,  the  model  with  a 
constant  is  generated.  If  the  constant  is  found  insignificant,  it  is  dropped.  For  the  model  to  be 
physically  appropriate  this  must  indeed  be  true.  As  it  turns  out,  the  constant  was  found  to  be 
insignificant  m  almost  all  the  cases.  The  detailed  regression  results  are  listed  in  i^pendix  D. 
Although  CHily  a  few  examples  of  the  models  with  a  constant  are  listed,  they  were  indeed  tested, 
and  the  constants  were  found  to  be  insignificant. 

Regression  models  are  computed  with  diagnostic  statistics  for  each  of  the  pairwise  endmember 
combinations.  An  F-ratio  is  used  to  assess  the  statistical  significance  of  a  model.  If  none  of  the 
candidate  endmember  pairs  had  produced  a  statistically  sig^cant  model,  then  the  model  would 
have  been  expanded  to  include  additional  endmembers  (up  to  a  4-component  model).  However,  all 
the  trials  proouced  statistically  significant  pairwise  models. 
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DISCUSSION  OF  MIXTURE  ANALYSIS  RESULTS 


Table  4-21  Pairwise  Domain  Limits  Surrounding  Swamp 


MYSS 

Water 

Swamp 

Dccldaoos 

Comments  on  Domain  Limits 

filSQ 

Cl  74 

C133 

B1 

103^7 

98.4 

89.95 

B2 

37.91 

35.439 

33.884 

B3 

34.86 

35.709 

28.134 

Slightly  Outside  Interval 

B4 

19 

44.81 

146.475 

BS 

13.72 

37.624 

77.442 

B7 

7.47 

14.984 

19.439 

MY8S 

Water 

Swamp 

Concrete 

B190 

C174 

Bt62 

B1 

103.27 

98.4 

180.42 

Outside  Interval 

B2 

37.91 

35.439 

94.74 

Slightly  Outside  Interval 

B3 

34.86 

35.709 

136.23 

B4 

19 

44.81 

114.43 

BS 

13.72 

37.624 

182.9 

B7 

7.47 

14.984 

104.94 

MYSS 

Water 

Swamp 

Grass 

B19Q 

C174 

C12S 

B1 

103.27 

98.4 

103.794 

Outside  Interval 

B2 

37.91 

35.439 

42.265 

Slightly  Outside  Interval 

B3 

34.86 

35.709 

38.735 

B4 

19 

44.81 

149.794 

BS 

13.72 

37.624 

114.853 

B7 

7.47 

14.984 

36.';!8 

MYSS 

Water 

Swamp 

Asphalt 

B190 

C174 

B160 

B1 

103.27 

98.4 

126.04 

Outside  Interval 

B2 

37.91 

35.439 

48.49 

Slightly  Outside  Interval 

B3 

34.86 

35.709 

54.86 

B4 

19 

44.81 

39.62 

Outside  Interval 

BS 

13.72 

37.624 

52.12 

B7 

7.47 

14.984 

31.56 

MYSS 

Asphalt 

Swamp 

Deciduous 

B160 

C174 

C133 

B1 

126.04 

98.4 

89.95 

B2 

48.49 

35.439 

33.884 

B3 

S4.86 

35.709 

28.134 

B4 

39.62 

44.81 

146.475 

BS 

S2.12 

37.624 

77.442 

Significantly  Outside  Interval 

B7 

31.56 

14.984 

19.439 

Outside  Interval 
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DISCUSSlOW  OP  MIXTURE  ANALYSIS  RESULTS 


Table  4-22 

Regression  Results  for  One  of  the  Endmember  Models  of  Swamp 

This  table  ahowa  the  ngnaaioo  icaulla  and  aoalyaia  of  varianoe  (ANOVA)  lablea  for  a  Lioear  Model  of  Swaaip  C174  dkat  ia 
oompriaad  of  a  mixtuia  of  Leaf  C133  and  Water  B190.  The  reaulta  arc  •enerated  for  a  linear  modd  both  with  and  crMboni  a 
conatant. 

i»p  «ani  ommb  ei74 

MOJUSTBO  SOOMMID  MULTZMLB  Ml 

Ml  4  KULTZPLS  Ml  0.990  OQUMMSO  IIOZ.TZMXM  Mi  0.901 

0.940  OTAMOAMO  MMMOM  OP  MSTZMATti  9.037 

WMMZABZM 

COSFFZCZIMT 

STD  MMMOM  STD  COMP  TOLMMAMCM 

T  M(3  TAZl.) 

COaSSMH* 
iMt  C133 
water  ai90 

9.999 

0.194 

0.710 

4.139  0.000 

0.047  0.997  0.977 

0.049  0.001  0.977 

1.494  0.343 

4.104  0.039 

10.994  0.003 

AHALT8ZS  OP  VAMZAHCM 

800MCS 

Stm-OF-MQIIAMia 

OP  NMAM-SaOAMM  P-MATZO 

M 

MTCMKSMZOM 

MBSZDOAZ. 

9907.949 

79.014 

3  1999.474  77.900 

9  39.371 

0.009 

MOOBL  COMTAXm  MO  COimAMT. 


nw  VMll  iMML-ClZi  >•  c  NDLTZrtS  Ml  0.»*<  MQOMMIO  MBLTZMU  Ml  O.tfS 

MOJDSTMO  SQOMMMD  NOLTZK.I  Ml  0.990  ITMMDMMO  MMMOM  Of  tMrZMMfll  9.M4 

VMMZAMLM  COirrZCZIHT  MTO  MMMOM  MTO  COMT  TOUMAHCM  T  MO  «MZX) 

tMmt  0199  0.341  0.040  0.973  0.943  <.044  0.004 

Mat«r  M190  0.799  0.049  0.704  0.943  11.900  0.000 


ANMLTMZS  Of  VMMZMMCM 

aOOMd  MOW-Or-SOOMMMO  MEMM-aOQMMM  M-MATZO  M 

MBGMBMSZOM  19793.437  3  7044.314  349.117  9.000 

MMMZOOML  139.310  4  93.103 
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CONCLUSIONS 


5.0  CONCLUSIONS 


5.1  Conclusioiis  Regarding  the  Graphical  Analysis 

The  graphical  analysis  indicated  a  possible  degeneracy  in  the  ^)ectral  space  defined  by  bioad-band 
spectral  sensors  (sudi  as  Landsat  tM),  where  a  mixture  of  materials  could  combine  to  form  a 
signature  identical  to  the  signature  of  certain  pure  pixels.  In  particular,  coniferous  and  deciduous 
trees  were  observed  to  lie  in  a  region  of  ^lectral  space  occupied  by  certain  mixtures  of  water  and 
vegetation  (e.g.  certain  types  of  swamp).  For  su^  situations,  no  algorithm,  regardless  of  its 
convexity,  vw  sramte  sudi  classes.  The  spectral  information  just  simply  doesn't  exist  to 
diittin^ish  tlwnL  Ihis  provides  motivation  for  using  narrow-band  spectral  imagery,  consisting  of 
highn  spectral  resolution  and  more  bands. 

The  ^ition  of  more  qiectral  bands  with  increased  spectral  resolution,  hopefully,  can  eliminate  the 
degenerate  cases.  However,  there  is  no  guarantee  that  this  approach  be  successful.  The 
underiying  ^lectra  might  be  quite  bland  and  not  contain  distinguishing  absorption  features. 
Thererore,  incorporating  such  ^ta,  although  more  volumous,  would  not  necessarily  provide 
increased  qiect^  information. 


5.2  Conclusions  Regarding  the  Spectral  Classification 

Performance  of  die  conventional  classifiers  as  typically  applied  to  Landsat  TM  is  una(^ptable  for 
the  general  application  of  extracting  natural  and  manmade  features.  The  most  disturbing  behavior 
of  the  conventional  Bayesian  and  Mahalanobis  classifiers  was  the  tendency  to  mislabel  water  and 
marsh/swamp  features  in  a  scene  as  asphalt  This  type  of  error  has  serious  consequences  to 
military  and  environmental  applications  (e.g.  A  convoy  of  jeeps  and  tructe  would  prefer  to  stay  on 
the  roads  and  not  drive  into  a  swamp).  In  this  regard,  the  Euclidean  classifier  performed  much 
better. 

The  Euclidean  minimum  distance  classifier  performed  better  at  not  mislabeling  water  features. 
However,  it  did  not  perform  as  well  as  the  Bayesian  or  Mahalanobis  classifier  for  many  other 
features. 

In  many  cases,  the  problems  found  with  the  conventional  classifiers  were  not  due  to  a  lack  of 
spectral  separability  between  materials  or  a  lack  of  spectral  resolution.  The  problem  was  often  one 
(or  a  combination)  of  the  following: 

t.  Correspondence  between  the  objects  of  interest  in  a  scene  and  the  materials  (the  classifier  is  classifying 
the  materials,  not  the  objects). 

b.  Correspondence  between  the  samples  in  the  scene  and  the  available  prototype  classes  because  there  is  an 
insufficient  number  of  prototype  classes. 

c.  Samples  in  the  scene  are  mixtures  of  materials  represented  by  the  prototype  classes. 

d.  Difficulties  with  covariance  matrices  modeling  the  spectral  variance  of  certain  classes,  particularly, 
water. 
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CONCLUSIONS 


Tbe  peifonnanoe  of  Ae  Bayesian  and  Mahalanobis  classifier  was  imi)Foved  to  an  acceptable  level 
by  using  a  minimum  variance  criterion  on  class  covariances  and  a  chi-squared  rejection  criterion. 

a.  Tbe  use  of  a  minimum  variance  criterion  was  shown  to  correct  the  problems  associated  with  modeling 
the  spectral  variance  of  wata. 

b.  The  use  of  a  chi-squared  rejection  allowed  samples  that  did  not  correqrond  to  a  prototype  class  or  that 
correspond  to  a  mixture  of  classes  to  be  rejected.  The  error  rate  was  reduced  dramatically,  labeling  as 
unknown  those  samf^es  that  were  ineviously  misclassified. 

c.  The  chi-squared  rejection  criterion,  as  sometimes  implemented  on  other  systems,  is  not  acceptable. 

Often  times,  there  is  the  need  to  allow  a  larger  rejection  distance  than  what  is  available.  The  software 
written  during  this  effort  allows  the  use  of  such  larger  rejection  distances. 

The  dii-squared  rejection  criterion  would  be  particularly  useful  for  targeting  applications.  An 
aiudyst  could  train  on  a  specific  ground  feature  of  interest.  By  invoking  a  tight  threshold  distance, 
the  analyst  would  have  a  very  him  degree  of  confidence  that  any  ground  feature  identified  as  the 
target  material  was  indeed  dassmed  correctly. 

Reducing  the  number  of  Landsat  TM  bands  from  six  to  four,  significantly  increased  both 
commission  and  omission  classification  errors. 

Qearly,  more  work  needs  to  be  done  in  studying  the  effect  of  season  and  year  on  classification 
performance.  The  existing  multidate/multiscene  montage  data  are  in  a  suitable  fonn  to  study  this 
effect  since  numerous  training,  test,  and  ground  truth  sites  have  been  extracted.  However,  the  task 
was  beyond  the  level  of  effort  that  could  be  allocated.  Other  technical  issues  have  present^ 
themselves  that  should  be  addressed  first. 

In  particular,  the  lack  of  consistency  and  wide  swings  in  performance  for  the  Euclidean  minlirimri 
distance  and  conventional  Bayesian  classifier  suggest  some  fundamental  instabilities.  Two 
candidate  sources  are  (1)  inadequate  estimates  of  the  class  covariance  matrices  introduced  by 
quantization  effects  and  outliers  in  the  training  samples,  and  (2)  violations  of  model  assumptions 
and  possible  degeneracies  in  the  spectral  space  introduced  by  mixtures  as  well  as  changes  in 
mixing  proportions  of  aggregate  materials  (e.g.  swamps). 

The  modified  Bayes  approach  has  taken  some  steps  to  overcome  these  problems.  The  minimum 
variance  criterion  seems  to  have  corrected  the  problem  of  quantization  effects  (small  variance)  on 
the  covariance  estimates,  and  the  chi-squared  rejection  threshold  flags  potential  mixture  candidates. 
Therefore,  what  remains  is  to  incorporate  a  mechanism  for  reducing  the  effect  of  outliers  on  the 
covariance  estimates,  and  a  method  to  handle  mixtures. 

The  experience  gained  in  this  effort  should  be  useful  to  future  spectral  sensing  work  involving 
hi^er  specXral  resolution  data.  In  particular,  the  variance  of  spectral  components  is  likely  to  have 
an  adverse  effect  on  any  algorithm  that  does  not  appropriately  incorporate  this  phenomena.  For 
example,  it  becomes  quite  clear  from  observing  the  si^atures  of  various  grass  sites  that  there  is  no 
unique  grass  signature.  Similarly,  there  is  no  unique  water  signature;  no  unique  field  signature;  ik> 
unique  asphalt  signature;  etc.  Unless  one  is  looking  for  unimie  absorption  features  of  a  q)edfic 
material,  it  will  bi^me  necessary  to  incorporate  variance.  If  a  reference  library  of  spectral  data  is 
used  in  Ae  processing,  the  specti^  variance  of  materials  must  be  incorporated  in  or  be  computable 
from  the  library. 

Also  remember  that  many  of  the  classification  errors  occurred  because  either  the  samples  in 
question  did  not  correspond  to  a  prototype  class,  or  they  were  mixtures  of  the  materials  represented 
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AFfCMIMX  A;  Sttiiaar«l  Data 
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TaM*  A1  Chwa  Maaa  Vacian  far  dM  Ckwiitt  la  Pataart  A  -  Ma^  lit? 


11 

li 

li 

11 

li 

Watw  1 

nAA 

44.94 

¥in 

21J9 

444 

545 

A 

234.77 

177  42 

zyin 

11(7  45 

21945 

10941 

0.  V«g 

33£2 

24.33 

I3«4i> 

njas 

^-3» 

C.  Vtt 

43  J9 

52.77 

29  10 

43.45 

5492 

14  93 

A»fkaH 

123. 7a 

5i  47 

43  17 

5127 

41  m 

35  91 

C*a«r«i« 

143.27 

109  27 

i«2.<a 

10412 

imio 

105X1(1 

Wain  2 

•im 

Jfiuka 

23  72 

1145 

430 

1  70 

CraMHA 

lOi.71 

man 

40iJ7 

10043 

12444 

♦9  n 

GraM-t 

ia.A2 

59  73 

52A2 

129  71 

97  42 

31  12 

TaMa  A2 

Claaa  Maa«  Vactar*  far  tic 

CiMwaaa  ia 

OataMf  1  •  Ma3 

11 

li 

li 

li 

li 

li 

iaratali 

11074 

47  It 

104  57 

•9iM 

iJOOO 

5*  M 

ri4M«<A 

104.11 

51  17 

47  44 

9a  15 

104  23 

53  14 

rtaMa.C 

12044 

42ja 

*3.33 

44  37 

14127 

41  49 

riaMt-O 

•4.09 

5921 

54  09 

154  94 

94  73 

29  34 

Craaa'A 

10471 

49  rr 

40.17 

103 A3 

124  44 

49  71 

Cra»A<t 

•4.42 

59  73 

32.43 

12*71 

97  63 

31  13 

Craaa^C 

•941 

4077 

34  97 

140  77 

91  39 

29  32 

Uaf 

79  24 

5544 

2447 

130  97 

7631 

20  91 

ria# 

•  !•• 

52.20 

29  03 

•2  20 

61  92 

20  35 

Kaatf-A 

122.92 

34  38 

4843 

4494 

4438 

49  93 

Raaway-C 

1 10.01 

42.47 

44  74 

33  08 

5215 

U  13 

ftaswajFof 

173  62 

9531 

133  32 

11324 

176  60 

100  60 

Swaaia-A 

82.04 

3049 

3141 

4394 

47  §7 

19  76 

Swaaia^i 

9147 

4108 

38.23 

8638 

’4  67 

27  92 

UrOaa-D 

22039 

114.13 

13082 

110  67 

17732 

12239 

trbaa-F 

174.93 

•  1.47 

103.93 

85-33 

113  93 

53  80 

UrlMa'I 

143  37 

93.43 

13031 

102  57 

132  86 

90 J6 

Walar-Al 

•4.37 

3138 

2831 

1445 

9.41 

5.02 

Water-A2 

80.27 

29.21 

23.98 

12.95 

606 

296 

Wattr-C 

140.23 

71.00 

70.62 

2134 

9.15 

4  54 

77 


Taiit  AJ 

CImm  Mt— 

Voctan 

1 

1 

Ommt, 

m  Oaiaaai 

B  •  1443 

n 

il 

ii 

U 

ii 

il 

73.14 

lii53 

1#1  13 

1*2.40 

12-03 

125  AS 

S*.tl 

7415 

8754 

124.30 

*5  93 

lfi9A3 

4aj|r7 

3479 

1«2  15 

1014* 

MA« 

fUtkU-A 

m.n 

44.7* 

41 A7 

159*1 

103  Jhi 

305* 

lliMi 

4A4* 

51  75 

4449 

1213* 

41*3 

mM 

42.«2 

3*3* 

145JM 

18475 

349* 

U4A5 

Si33 

543* 

114*4 

15414 

*im 

LMf 

njA 

)5J» 

2*4* 

139*7 

§123 

2141 

fi«« 

«).«2 

15.14 

3145 

91  7* 

4389 

1*42 

1— ^  A 

I2»-M 

5*AS 

458* 

4487 

§7  51 

4475 

tlAIM 

4A.4* 

54.84 

3942 

5112 

515* 

U».«2 

•41 74 

13423 

11443 

182*0 

104  •• 

Sw««i^A 

«}5* 

UlA 

31  74 

4441 

31  7? 

11  47 

mm 

4A5* 

35  50 

*4*2 

7^43 

24  17 

UvW-O 

zokob 

11444 

t55«]4 

115  15 

185  79 

124** 

21*  M 

too  40 

13420 

109  40 

15440 

73  40 

tiirW'l 

24*43 

t2>.34 

17407 

124.57 

17*79 

10*93 

WMM'AI 

l(»27 

17*1 

um 

1*80 

13  7} 

7  47 

W«tov<A2 

toAii 

1443 

rtu 

2031 

12.21 

*  3* 

W»«m>€ 

I4*fil> 

72.3* 

7423 

2401 

1513 

739 

T«M»  A4 

CIm*  IHaaa 

Vmtmn  far  iBa  Claaaa* 

im  DatiMi 

B  •  A4g 

li 

12 

IJ 

Ii 

ii 

il 

iMxia 

7l  *5 

101  74 

1072* 

1842* 

10184 

rt«l4«A 

14541 

53  77 

5143 

141  79 

95  52 

2*90 

ricMn-C 

140.40 

53  23 

5041 

12335 

98  77 

29  90 

ricMt^O 

14430 

5345 

52.34 

12002 

10485 

3273 

GrwMoA 

144.74 

57*2 

4587 

85  03 

124  72 

5083 

CrMHi'B 

144.00 

55  7* 

55  94 

107  00 

83  79 

26  08 

Grma^C 

12*44 

<H«4 

55  07 

84  74 

135  7| 

55  26 

u«r 

1)140 

47  00 

44  03 

106  16 

71.3* 

1862 

Plat 

124  52 

45  50 

43  15 

82  77 

5347 

15  24 

RaaB'A 

147  15 

57  16 

64  82 

64  92 

81  60 

41  66 

llaaway>C 

147  04 

54  28 

58  45 

4368 

4481 

26  06 

Raawaj'P 

1713* 

78.42 

10650 

96  94 

16131 

90  23 

Swaai^'A 

134  >5 

48.95 

49  21 

6264 

45.60 

1555 

S«aaip.B 

124  uO 

45.23 

43.23 

8330 

69.75 

21.67 

Urbaa<0 

183*3 

82.83 

106  78 

96.44 

158.19 

107.11 

UrBaa<r 

178.20 

76.73 

97  93 

87.67 

134.40 

65.20 

Urbaa-I 

188.93 

88.07 

117.36 

109.43 

162.71 

93.50 

Wattr>Al 

145.37 

52.90 

51.67 

28.94 

13J7 

4.76 

Waltr-Al 

148.78 

53.73 

53.62 

32.95 

14.20 

5.04 

Waltr-C 

145.69 

5639 

5234 

41.77 

2054 

792 

78 


APPENDIX  A 


TsMi  A5  CiMf  Hfm  Vector*  for  ttw  Cla«sc*  is  Dataset  B  •  Oct  1985 


11 

12 

12 

li 

11 

12 

•acMeil 

i7.7« 

5134 

8032 

72.18 

12785 

6635 

74M 

31.13 

4235 

4623 

90.91 

4432 

fleiOS'C 

MJIl 

27  A4 

26.98 

77.71 

7420 

24.90 

rieMS'O 

S7.15 

27.74 

2366 

97.73 

82.02 

25.45 

CraM'A 

73  JO 

30lOO 

3138 

77.10 

8467 

29.70 

GraM'B 

44J3 

26.17 

2734 

5863 

59.42 

20.63 

QnM-C 

73.2* 

3097 

34  A5 

7161 

93.74 

34.10 

Uef 

SIJO 

29J0 

2329 

6531 

5138 

14.62 

Pta« 

61M 

22M 

2033 

49.73 

34.04 

1087 

Em4>A 

•5J2 

34.94 

4082 

4235 

5431 

28.11 

ftM'wep'C 

74AS 

26.42 

28.06 

19.92 

28.00 

1833 

Beaw«f<f 

13IJ9 

6939 

98.19 

8287 

13184 

7329 

t»eaia<A 

ft5A2 

23.40 

25.63 

3038 

3938 

1525 

Sweaia>8 

a3A7 

24.00 

23.17 

3425 

40.42 

1638 

UraMS-O 

133  J3 

78.22 

10211 

76.15 

12489 

84.48 

VraM-f 

I3«.*7 

64.13 

8137 

*727 

93.67 

4433 

UraM-l 

109.  U 

5336 

76.00 

59.93 

9336 

50.79 

Waler'Al 

*5.17 

2274 

1935 

837 

385 

1.62 

Ws««r-A2 

60.flB 

2070 

1864 

8.42 

3.68 

1.46 

Wal«r<C 

100.92 

4734 

50.62 

1739 

785 

3.62 

Tabic  A8  Class 

Meaa 

Vectors  for  tbc  Oasscs  hi 

Dataset  B 

•  March 

11 

12 

12 

li 

11 

12 

lercMlt 

109  16 

37.11 

88.61 

7529 

141.63 

76.40 

fl«M*-A 

100.17 

4520 

5728 

70.91 

107.79 

48.35 

ri«Ma-C 

11020 

48.09 

63  89 

6284 

107.06 

48.77 

ri«Mt-0 

I26J7 

5438 

7130 

8431 

12381 

51.85 

CrMS'A 

10033 

43.79 

54.45 

6466 

105.61 

44.89 

GrM«<8 

94JI 

38.88 

48.75 

52.46 

97.67 

42.79 

GrsM-C 

10035 

44.19 

58.74 

66.61 

130.42 

56.58 

Uaf 

95.93 

37.76 

46.40 

5130 

8734 

3731 

Plat 

89.91 

35.28 

3686 

55.41 

51.97 

19.62 

RaaC'A 

103.42 

4431 

54.62 

45.75 

68.76 

37.68 

Raaway-C 

101.91 

4039 

46.03 

32.90 

4438 

26.97 

Raawa)r<P 

137J3 

66.96 

9334 

7589 

124.67 

67.23 

Swaaip'A 

86.00 

3260 

35.78 

29.76 

41.04 

17.51 

Swaaip-B 

82J3 

29.92 

29.17 

24.17 

21.83 

10.17 

Uraaa-D 

136.96 

76.26 

103.74 

76.82 

129.74 

82.41 

Urbaa«F 

147.73 

67.73 

89.33 

7133 

115.13 

55.33 

Urbaa*! 

135.57 

69.07 

96.43 

74.29 

120.93 

68.93 

Wattr>AI 

86.63 

33.37 

30.20 

15.89 

6.93 

3.42 

Wattr-A2 

86.49 

33.63 

31.03 

1538 

5.37 

238 

Wattr-C 

115.85 

54.15 

58.85 

2123 

9.92 

4.23 

79 


APPENDIX  A 


Table  A7 
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Covariance  Matrices  for 
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A  (continued) 
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Table  A8  CmrrclatkHi  Matrices  for  Claaica  in  Dataset  A  •  May  1987 
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APPENDIX  B 


Cmmttatftmty  T»M*  EMalla  f*r  Trial  01  (coallaaed) 


Talll»  Kt  <  it 

»4AHMJkHOm(XmfHCeHCVU3k^J%rmDm»SeiB2 


WaMr  1 

0.  0«rf 

D.  Vtf 

C.  Vat 

Afttall 

Caacala 

Water  2 

TOTAL 

Caaat«<Mtl*» 

0 

0 

0 

0 

34 

0 

0 

34 

TIC  Ma 

0 

0 

0 

0 

• 

24 

0 

24 

fwfelMMi  1 

0 

0 

«• 

0 

0 

0 

0 

40 

filfft  SalMMl 

0 

0 

0 

0 

4 

24 

0 

28 

Malt 

0 

0 

0 

0 

33 

29 

0 

62 

P»flUa«4  2 

0 

0 

69 

0 

0 

0 

0 

69 

•aaaaall 

& 

0 

0 

0 

0 

38 

0 

38 

f  lakla'A 

0 

0 

2«0 

1 

146 

593 

0 

1000 

PlaMa-C 

0 

0 

0 

0 

48 

S3 

0 

101 

PlaMa  0 

0 

0 

105 

0 

1 

0 

0 

106 

Ci«aaa>A 

0 

0 

0 

0 

35 

52 

0 

87 

Gvaaa'B 

0 

0 

23 

0 

1 

0 

0 

24 

G»aaa<€ 

0 

0 

2« 

0 

2 

0 

0 

31 

Laaf 

0 

0 

•  St 

42 

0 

0 

0 

1000 

Plaa 

0 

0 

2 

3t7 

4 

0 

0 

393 

0aa4>A 

0 

0 

1 

2 

432 

66 

0 

501 

laaway-C 

0 

0 

0 

0 

78 

0 

0 

78 

0a««aff 

0 

0 

0 

0 

0 

•  7 

0 

97 

i«aaif<A 

49 

0 

• 

9S 

527 

0 

4 

671 

i«aai0>0 

• 

0 

• 

4 

8 

0 

0 

12 

l(fka«>0 

0 

• 

0 

0 

• 

27 

0 

27 

0 

• 

0 

0 

7 

8 

0 

IS 

Vf»a*<l 

0 

• 

0 

0 

• 

1  4 

0 

14 

Walar.At 

1  9 

0 

0 

0 

182 

0 

799 

1000 

Wataf'AI 

• 

0 

0 

0 

27 

0 

•  73 

1000 

Walar^C 

I  t 

0 

0 

0 

2 

0 

0 

13 

86 


APPENDIX  B 


Contiogcocy  Tabic  RcinlU  for  Trial  «1  (continued) 


Tdbk  B2  •  Hi 

EUCLIDEAN  CX)NTINOENCY  RESULTS  -  Test  Data  >  Set  B2 


Water  1 

B.  Roof 

D.  Veg 

C.  Veg 

Asphalt 

Concete 

Water  2 

TOTAL 

Canstrnction 

0 

0 

0 

18 

16 

0 

0 

34 

TEC  Site 

0 

0 

0 

0 

13 

13 

0 

26 

Parkland  1 

0 

0 

59 

1 

0 

0 

0 

60 

High  School 

0 

0 

0 

0 

15 

13 

0 

28 

Mall 

0 

0 

0 

0 

44 

18 

0 

62 

Parkland  2 

0 

0 

69 

0 

0 

0 

0 

69 

BarcSoll 

0 

0 

0 

0 

37 

1 

0 

38 

Ficlds-A 

0 

0 

344 

23 

532 

101 

0 

1000 

FIcIds-C 

0 

0 

0 

0 

49 

52 

0 

101 

Flelds-D 

0 

0 

106 

0 

0 

0 

0 

106 

Grast'A 

0 

0 

67 

4 

16 

0 

0 

87 

Grass'B 

0 

0 

24 

0 

0 

0 

0 

24 

Grass-C 

0 

0 

31 

0 

0 

0 

0 

31 

Leaf 

0 

0 

945 

55 

0 

0 

0 

1000 

Pine 

0 

0 

0 

393 

0 

0 

0 

393 

Road-A 

0 

0 

5 

13 

475 

8 

0 

501 

Ranway*C 

0 

0 

0 

0 

78 

0 

0 

78 

Rnnway<F 

0 

0 

0 

0 

0 

97 

0 

97 

Swanp'A 

C7 

0 

0 

360 

12 

0 

232 

671 

Swanip'B 

0 

0 

0 

12 

0 

0 

0 

12 

Urban-D 

0 

0 

0 

0 

0 

27 

0 

27 

Urban-F 

0 

0 

0 

0 

7 

8 

0 

15 

Urban-I 

0 

0 

0 

0 

0 

14 

0 

14 

Watcr-Al 

113 

0 

0 

0 

0 

0 

887 

1000 

Watcr-A2 

0 

0 

0 

0 

0 

0 

1000 

1000 

Water-C 

13 

0 

0 

0 

0 

0 

0 

13 

87 


APPENDIX  B 


Table  B3  Contingency  Table  Results  for  Trial  #2 


Table  B3  -  i 

BAYES  CONTINGENCY  RESULTS  -Test  Data  s  Set  B2 


CLASS 

Water  1 

B.Roof 

D.  Vcg 

c.  Veg 

Asphalt 

Coacrctc 

Waur  2 

Grast-A 

TOTAL 

CoBstructloa 

0 

0 

0 

0 

25 

0 

0 

9 

34 

TEC  Site 

0 

0 

0 

0 

0 

4 

0 

22 

26 

Parklaad  1 

0 

0 

<0 

0 

0 

0 

0 

0 

6t 

Hick  School 

0 

0 

0 

0 

3 

22 

0 

3 

28 

Mall 

0 

0 

0 

0 

30 

23 

0 

9 

62 

Parklaad  2 

0 

0 

1 

0 

0 

0 

0 

61 

69 

BarcSoll 

0 

0 

0 

0 

0 

33 

0 

S 

36 

Flclds-A 

0 

0 

260 

1 

0 

104 

0 

635 

!••• 

Flclds-C 

0 

0 

0 

0 

0 

50 

0 

S  1 

191 

Flelds-D 

0 

0 

76 

0 

0 

0 

0 

3« 

ica 

Grass-B 

0 

0 

7 

0 

0 

0 

0 

1  7 

2  « 

Grass-C 

0 

0 

18 

0 

0 

0 

0 

1  3 

t  1 

Leaf 

0 

0 

92S 

14 

0 

0 

0 

it 

i  ••« 

PlBC 

0 

0 

2 

346 

0 

0 

0 

>93 

Road-A 

0 

0 

0 

0 

32$ 

17 

0 

tat 

Raawajr-C 

0 

0 

0 

0 

7S 

0 

0 

0 

•  6 

Raaway-F 

0 

0 

0 

0 

0 

93 

0 

a 

•  7 

Swaaip-A 

45 

0 

• 

77 

309 

0 

4 

236 

6  7  1 

Swaaip-B 

• 

0 

• 

1 

0 

0 

• 

I  1 

t  2 

Urbaa-D 

0 

• 

0 

0 

• 

27 

0 

0 

a  » 
tf 

Urbaa-F 

0 

• 

0 

0 

7 

1 

0 

«l 

1  * 

Urbaa-1 

0 

• 

0 

0 

• 

1  4 

0 

0 

I  a 

Water-Al 

19 

0 

0 

0 

169 

0 

•  12 

Cl 

laaa 

Watcr-A2 

• 

0 

0 

0 

26 

0 

974 

Cl 

1  906 

Waler-C 

1  1 

0 

0 

0 

2 

0 

• 

C) 

t  3 

88 


Y«M»  m  u 

4ialK4i.' 


t'llAMi 

ft*.' 


»»**«»«>  » 

<4«>***<  II 

«•- 

|A 

p  # 

#%♦♦*■■■ 

♦  ■ 


»  t 


#  #- 
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» 
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4[^ 


►  ♦  ••  •»-t- .  .  *•  > 


AMOcUrtton  tor  Intormatton  aiMl  Iiiui9«  llaiM9*ni«nt 
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Silver  Spring.  Maryland  20910 

301/587-8202 
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APPENDIX  B 


CoDtlngcBcy  Table  Rcsnlts  for  Trial  #2  (continued) 

Table  B3  •  iU 

EUOJDEAN  CONTINGENCY  RESULTS -Test  Data-  SetB2 


CLASS 

Water  1 

B.Roof 

D.  Veg 

c.  Veg 

Asphalt 

Concrete 

Water  2 

Grass-A 

TOTAL 

Construction 

0 

0 

0 

18 

16 

0 

0 

0 

34 

TEC  Site 

0 

0 

0 

0 

0 

9 

0 

17 

26 

Parkland  1 

0 

0 

59 

1 

0 

0 

0 

0 

60 

High  School 

0 

0 

0 

0 

2 

6 

0 

20 

28 

Mall 

0 

0 

0 

0 

29 

13 

0 

20 

62 

Parkland  2 

0 

0 

57 

0 

0 

0 

0 

12 

69 

BareSoil 

0 

0 

0 

0 

0 

0 

0 

38 

38 

Flelds-A 

0 

0 

26S 

1 

11 

61 

0 

662 

1000 

Flelds-C 

0 

0 

0 

0 

36 

SO 

0 

1  5 

101 

Flelds-D 

0 

0 

104 

0 

0 

0 

0 

2 

106 

Grass-B 

0 

0 

23 

0 

0 

0 

0 

1 

24 

Grass-C 

0 

0 

28 

0 

0 

0 

0 

3 

3  1 

Leaf 

0 

0 

94S 

55 

0 

0 

0 

0 

1000 

Pine 

0 

0 

0 

392 

0 

0 

0 

1 

393 

Road-A 

0 

0 

1 

7 

354 

0 

0 

139 

501 

Runway<C 

0 

0 

0 

0 

78 

0 

0 

0 

78 

Runway-F 

0 

0 

0 

0 

0 

96 

0 

1 

9  7 

Swamp'A 

67 

0 

0 

360 

11 

0 

232 

1 

671 

Swamp'B 

0 

0 

0 

12 

0 

0 

0 

0 

1  2 

Urban-D 

0 

0 

0 

0 

0 

27 

0 

0 

27 

Urban-F 

0 

0 

0 

0 

6 

8 

0 

1 

1  5 

Urban-I 

0 

0 

0 

0 

0 

1  4 

0 

0 

1  4 

Water-Al 

113 

0 

0 

0 

0 

0 

887 

0 

1000 

Water-A2 

0 

0 

0 

0 

0 

0 

1000 

0 

1000 

Water-C 

13 

0 

0 

0 

0 

0 

0 

0 

1  3 

90 


APPENDIX  B 


Table  B4  Contingency  Table  Results  for  Trial  #3 


Table  B4  •  i 

MODIHED  BAYES  CONTINGENCY  RESULTS  -  Test  DaU  s  B2  with  «16.S1 

MioVar  =  16  oo  Water;  MioVanO  on  other  classes 


CLASS 

Water  1 

B.Roof 

D.  Veg 

C.  Veg 

Asphalt 

Concrete 

Water  2 

GrasS'B 

NULL 

CoBStrnction 

0 

0 

0 

0 

0 

0 

0 

0 

34 

TEC  Site 

0 

0 

0 

0 

0 

0 

0 

0 

26 

Parkland  1 

0 

0 

33 

0 

0 

0 

0 

0 

27 

High  School 

0 

0 

0 

0 

0 

0 

0 

0 

28 

Mall 

0 

0 

0 

0 

0 

0 

0 

0 

62 

Parkland  2 

0 

0 

0 

0 

0 

0 

0 

0 

69 

Bare  Soil 

0 

0 

0 

0 

0 

0 

0 

0 

38 

Fields-A 

0 

0 

9 

0 

0 

0 

0 

0 

991 

Fields-C 

0 

0 

0 

0 

0 

0 

0 

0 

101 

Fields-D 

0 

0 

0 

0 

0 

0 

0 

34 

72 

Grass-A 

0 

0 

0 

0 

0 

0 

0 

0 

87 

GrasS'C 

0 

0 

0 

0 

0 

0 

0 

6 

25 

Leaf 

0 

0 

712 

0 

0 

0 

0 

39 

249 

Pine 

0 

0 

0 

262 

0 

0 

0 

0 

131 

Road'A 

0 

0 

0 

0 

67 

0 

0 

0 

434 

Rnnway>C 

0 

0 

0 

0 

0 

0 

0 

0 

78 

Rnnwajr-F 

0 

0 

0 

0 

0 

2 

0 

0 

95 

Swamp-A 

0 

0 

0 

0 

0 

0 

6 

0 

665 

Swamp'B 

0 

0 

0 

0 

0 

0 

0 

0 

12 

Urban-D 

0 

0 

0 

0 

0 

0 

0 

0 

27 

Urban>F 

0 

0 

0 

0 

0 

0 

0 

0 

15 

Urban>l 

0 

0 

0 

0 

0 

3 

0 

0 

11 

Water-Al 

4 

0 

0 

0 

0 

0 

870 

0 

126 

Water-A2 

0 

0 

0 

0 

0 

0 

993 

0 

7 

Water-C 

0 

0 

0 

0 

0 

0 

0 

0 

13 

TOTAL 

4 

0 

754 

262 

67 

5 

1869 

79 

3423 

91 


APPENDIX  B 


CMtiuftacy  Tabk  Retmlta  for  Trial  #3  (coatlaacd) 


Table  B4  •  a 

MODIFIED  BAYES  CONTINGENCY  RESULTS  -  Test  Data  >  B2  with  X^(C)  -  M.05 

MinVai  s  16  on  Water,  MinVars3  on  other 


lie 


CLASS 
Coastr’ 

TEC  Site 
Parklaed  1 
High  School 
Mall 

Parkland  2 

BareSoIl 

FIcldt.A 

FIclds-C 

Flelds-D 

Grass-A 

Grass-C 

Leaf 

Pine 

Road'A 

Rnnwaj-C 

Rnawaj'F 

Swamp-A 

Swanip«B 

Urbaa.D 

Urbaa>F 

Urbatt'I 

Watcr-Al 

Water-A2 

Water-C 


Water  1 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
74 
0 
0 
0 
0 

110 

0 

0 


B.Roof 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 


1.  Vcg 
0 
0 

<0 

0 

0 

0 

0 

261 

0 

2 

0 

1 

844 

2 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 


C. 


Ve* 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

23 

382 

0 

0 

0 

51 

5 

0 

0 

0 

0 

0 

0 


Asphalt 
20 
0 
0 
0 
1 
0 
0 
0 
0 
0 
0 
0 
0 
0 

164 
72 
0 
0 
0 
0 
0 
0 
0 
0 
0 


Concrete 

0 

0 

0 

1 

1 

0 

0 

3 

0 

0 

0 

0 

0 

0 

0 

0 

75 

0 

0 

10 

1 

13 

0 

0 

0 


classes 

Water 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

163 

0 

0 

0 

0 

890 

1000 

0 


Grass-B 

0 

0 

0 

0 

0 

59 

0 

78 

0 

104 

34 

29 

133 

4 

9 

0 

0 

0 

1 

0 

0 

0 

0 

0 

0 


NULL 

14 

26 

0 

27 

60 

10 

38 

658 

101 

0 

53 

1 

0 

5 

328 

6 
22 

383 

6 

17 

14 

1 

0 

0 

13 


TOTAL 


184 


1170 


461 


257 


104 


2053 


451 


1783 


92 


APPENDIX  B 


CoBtiagcBCjr  Table  Rcaaltt  for  Trial  #3  (coatlnned) 


Table  B4  .  Hi 

MODIFIED  BAYES  CONTINOENCY  RESULTS  -  Test  Datt  »  B2  with  X^(<)  -  117.C7 

MinVar  >  16  oa  Water;  MinVarsS  on  other  classes 


CLASS 

Water  1 

B.Roof 

D.  Veg 

C.  Veg 

Asphalt 

Concrete 

Water  2 

GrasS'B 

NULL 

0 

0 

0 

0 

28 

0 

0 

0 

6 

TEC  Site 

0 

0 

0 

0 

0 

0 

0 

0 

26 

Parklaod  1 

0 

0 

60 

0 

0 

0 

0 

0 

0 

High  School 

0 

0 

0 

0 

0 

4 

0 

0 

24 

Mall 

0 

0 

0 

0 

3 

5 

0 

0 

54 

Parklaod  2 

0 

0 

0 

0 

0 

0 

0 

68 

1 

BareSoil 

0 

0 

0 

0 

0 

0 

0 

0 

38 

PIcIda-A 

0 

0 

261 

0 

0 

50 

0 

112 

577 

FIclds-C 

0 

0 

0 

0 

0 

8 

0 

0 

93 

Flcldf-D 

0 

0 

2 

0 

0 

0 

0 

104 

0 

Grass'A 

0 

0 

0 

0 

0 

0 

0 

S3 

34 

Graaa-C 

0 

0 

1 

0 

0 

0 

0 

29 

1 

Leaf 

0 

0 

844 

23 

0 

0 

0 

133 

0 

Pine 

0 

0 

2 

383 

0 

0 

0 

7 

1 

Road-A 

0 

0 

0 

0 

217 

0 

0 

13 

271 

Rnnway>C 

0 

0 

0 

0 

77 

0 

0 

0 

1 

Ranway>F 

0 

0 

0 

0 

0 

84 

0 

0 

13 

Swamp’A 

84 

0 

0 

107 

16 

0 

215 

1 

248 

Swamp'B 

0 

0 

0 

6 

0 

0 

0 

5 

1 

Urbao'D 

0 

0 

0 

0 

0 

26 

0 

0 

1 

Urban-F 

0 

0 

0 

0 

0 

2 

0 

0 

13 

Urban-I 

0 

0 

0 

0 

0 

14 

0 

0 

0 

Watcr-Al 

110 

0 

0 

0 

0 

0 

890 

0 

0 

Water-A2 

0 

0 

0 

0 

0 

0 

1000 

0 

0 

Water-C 

0 

0 

0 

0 

0 

0 

0 

0 

13 

TOTAL 

194 

0 

1170 

519 

341 

193 

2105 

525 

1416 

93 


APPENDIX  B 


CoBtbigcBcy  Table  Rcsalta  for  Trial  #3  (coottaned) 

Table  B4  •  iv 

MODIFIED  BAYES  CONTINGENCY  RESULTS.  Test  Date  =SetB2;  withX^W"* 

MinVar=16  on  Water;  MinVar  =  3  on  other  classes 


CLASS 

Water  1 

B.Roof 

D.  Veg 

C.  Veg 

Asphalt 

Concrete 

Water  2 

Grass'B 

TOTAL 

Ceastractioa 

0 

0 

0 

0 

33 

0 

0 

1 

34 

TEC  Site 

0 

0 

0 

0 

0 

25 

0 

1 

26 

Parklaad  1 

0 

0 

<0 

0 

0 

0 

0 

0 

60 

High  School 

0 

0 

0 

0 

4 

24 

0 

0 

28 

Mall 

0 

0 

0 

0 

33 

28 

0 

1 

62 

ParUaad  2 

0 

0 

0 

0 

0 

0 

0 

69 

69 

Bare  Soil 

0 

0 

0 

0 

0 

38 

0 

0 

38 

Fields-A 

0 

0 

261 

0 

20 

412 

0 

307 

1000 

Fields-C 

0 

0 

0 

0 

17 

52 

0 

32 

101 

Fields.D 

0 

0 

2 

0 

0 

0 

0 

104 

106 

Grass-A 

0 

0 

0 

0 

0 

0 

0 

87 

87 

Grata-C 

0 

0 

1 

0 

0 

0 

0 

30 

31 

Leaf 

0 

0 

844 

23 

0 

0 

0 

133 

1000 

Piae 

0 

0 

2 

383 

0 

0 

0 

8 

393 

Road'A 

0 

0 

0 

0 

407 

59 

0 

35 

SOI 

Raaway-C 

0 

0 

0 

0 

78 

0 

0 

0 

78 

Raaway.F 

0 

0 

0 

0 

0 

97 

0 

0 

97 

Swaaip.A 

88 

0 

0 

174 

102 

0 

229 

78 

671 

Swamp-B 

0 

0 

0 

6 

0 

0 

0 

6 

12 

Urbaa-D 

0 

0 

0 

0 

0 

27 

0 

0 

27 

Urbaa-F 

0 

0 

0 

0 

7 

8 

0 

0 

1  5 

Urbaa*! 

0 

0 

0 

0 

0 

14 

0 

0 

14 

Water-Al 

110 

0 

0 

0 

0 

0 

890 

0 

1000 

Water-A2 

0 

0 

0 

0 

0 

0 

1000 

0 

1000 

Water-C 

13 

0 

0 

0 

0 

0 

0 

0 

13 

TOTAL 

211 

0 

1170 

586 

701 

784 

2119 

892 

6463 

94 


APPENDIX  B 


Coatlagtacjr  Tabic  RctaiU  for  Trial  #3  (coatiaucd) 


Table  84  -v  .... 

STANDARD  BAYES  CX>NTINGENCY  RESULTS  -Test  Data  >  Set  B2  (No  minimiiin  vaiianoe  or  lejecaoo  cntena) 


CLASS 

WaUr  1 

B.Roof 

D.  Vcg 

C.  Vcg 

Asphalt 

Coacrctc 

Water  2 

Grass-B 

TOTAL 

Ceastractioa 

0 

0 

0 

0 

33 

0 

0 

1 

34 

TEC  Site 

0 

0 

0 

0 

0 

25 

0 

1 

26 

Parklaad  1 

0 

0 

40 

0 

0 

0 

0 

0 

60 

High  School 

0 

0 

0 

0 

4 

24 

0 

0 

28 

Mall 

0 

0 

0 

0 

33 

28 

0 

1 

62 

Parklaad  2 

0 

0 

0 

0 

0 

0 

0 

69 

69 

BarcSoil 

0 

0 

0 

0 

0 

38 

0 

0 

38 

FicldS'A 

0 

0 

241 

1 

21 

418 

0 

319 

1000 

Ficlds-C 

0 

0 

0 

0 

17 

52 

0 

32 

101 

Ficlds-D 

0 

0 

1 

0 

0 

0 

0 

105 

106 

Grass-A 

0 

0 

0 

0 

0 

0 

0 

87 

87 

Grasa-C 

0 

0 

0 

0 

0 

0 

0 

3  1 

31 

Leaf 

0 

0 

804 

22 

0 

0 

0 

172 

1000 

Piac 

0 

0 

2 

378 

0 

0 

0 

13 

393 

Road-A 

0 

0 

0 

0 

408 

60 

0 

33 

501 

Raaway-C 

0 

0 

0 

0 

78 

0 

0 

0 

78 

Raaway-F 

0 

0 

0 

0 

0 

97 

0 

0 

97 

Swamp-A 

45 

0 

0 

108 

446 

0 

4 

68 

671 

Swamp-B 

0 

0 

0 

3 

0 

0 

0 

9 

12 

Urbaa-D 

0 

0 

0 

0 

0 

27 

0 

0 

27 

Urbaa-F 

0 

0 

0 

0 

7 

8 

0 

0 

15 

UrbaO'I 

0 

0 

0 

0 

0 

14 

0 

0 

14 

Watcr-Al 

19 

0 

0 

0 

169 

0 

812 

0 

1000 

Watcr-A2 

0 

0 

0 

0 

26 

0 

974 

0 

1000 

Water-C 

1 1 

0 

0 

0 

2 

0 

0 

0 

13 

TOTAL 

75 

0 

1110 

512 

1244 

791 

1790 

941 

6463 

95 


APPENDIX  B 


Coatiageacj  Tabic  Rcsalts  for  Trial  #3  (coatlaacd) 


TaUc  B4  •  vi 

MAHALAM>BIS  CX)NTINGENCY  RESULTS  -  Test  Data  «  Set  B2 


CLASS 

Water  1 

B.Roof 

D.  Veg 

C.  Veg 

Asphalt 

Concrete 

Water  2 

GrasS'B 

TOTAL 

CoBstractloB 

0 

0 

0 

0 

33 

0 

0 

1 

34 

TEC  Site 

0 

0 

0 

0 

0 

25 

0 

1 

26 

Parklaod  1 

0 

0 

<0 

0 

0 

0 

0 

0 

60 

High  School 

0 

0 

0 

0 

4 

24 

0 

0 

28 

Mall 

0 

0 

0 

0 

33 

28 

0 

1 

62 

Parklaad  2 

0 

0 

0 

0 

0 

0 

0 

69 

69 

BarcSoil 

0 

0 

0 

0 

0 

38 

0 

0 

38 

Fields-A 

0 

0 

222 

1 

20 

420 

0 

337 

1000 

Ficlds-C 

1) 

0 

0 

0 

16 

52 

0 

33 

101 

Ficlds-D 

0 

0 

0 

0 

0 

0 

0 

106 

106 

GrasS'A 

0 

0 

0 

0 

0 

0 

0 

87 

87 

Grass-C 

0 

0 

0 

0 

0 

0 

0 

3  1 

31 

Leaf 

0 

0 

7d< 

19 

0 

0 

0 

215 

1000 

Piac 

0 

0 

2 

37« 

0 

0 

0 

15 

393 

Road-A 

0 

0 

0 

0 

408 

60 

0 

33 

501 

Roaway'C 

0 

0 

0 

0 

78 

0 

0 

0 

78 

Runway'F 

0 

0 

0 

0 

0 

97 

0 

0 

97 

Swamp'A 

4S 

0 

0 

94 

460 

0 

4 

68 

671 

Swamp'B 

0 

0 

0 

3 

0 

0 

0 

9 

12 

Urbaii'D 

0 

0 

0 

0 

0 

27 

0 

0 

27 

Urbaa-F 

0 

0 

0 

0 

7 

8 

0 

0 

15 

Urbaa-I 

0 

0 

0 

0 

0 

1  4 

0 

0 

14 

Water-Al 

19 

0 

0 

0 

182 

0 

799 

0 

1000 

Water-A2 

0 

0 

0 

0 

27 

0 

973 

0 

1000 

Water-C 

1  1 

0 

0 

0 

2 

0 

0 

0 

13 

TOTAL 

75 

0 

1050 

493 

1270 

793 

1776 

1006 

6463 

96 


APPENDIX  B 


CoBtiagtBcy  Tabk  RtiaUs  for  Trial  #3  (caatiaacd) 


Table  B4  -  vii 

EUCLII»AN  CONTINGENCY  RESULTS  •  Test  Data  ■  Set  B2 


CLASS 

Water  1 

B.Roof 

D.  Veg 

C.  Veg 

Aiphalt 

Concrete 

Water  2 

Grass-B 

TOTAL 

CoattracIloB 

0 

0 

0 

18 

16 

0 

0 

0 

34 

TEC  Site 

0 

0 

0 

0 

9 

13 

0 

4 

26 

ParUaad  1 

0 

0 

59 

1 

0 

0 

0 

0 

60 

High  School 

0 

0 

n 

0 

15 

13 

0 

0 

28 

Mall 

0 

0 

0 

0 

42 

18 

0 

2 

62 

Parkland  2 

0 

0 

0 

0 

0 

0 

0 

69 

69 

BarcSoll 

0 

0 

0 

0 

37 

1 

0 

0 

38 

FIclda-A 

0 

0 

260 

1 

S02 

99 

0 

138 

1000 

Flcldf'C 

0 

0 

0 

0 

48 

52 

0 

1 

101 

Flelds-D 

0 

0 

39 

0 

0 

0 

0 

67 

106 

Grast-A 

0 

0 

0 

0 

0 

0 

0 

87 

87 

Gratt-C 

0 

0 

12 

0 

0 

0 

0 

1  9 

31 

Leaf 

0 

0 

885 

44 

0 

0 

0 

71 

1000 

Pine 

0 

0 

0 

393 

0 

0 

0 

0 

393 

Road'A 

0 

0 

0 

7 

469 

8 

0 

17 

501 

Rnnway*C 

0 

0 

0 

0 

78 

0 

0 

0 

78 

Rnaway>F 

0 

0 

0 

0 

0 

97 

0 

0 

97 

Swamp'A 

il 

0 

0 

360 

12 

0 

232 

0 

671 

Swamp'B 

0 

0 

0 

9 

0 

0 

0 

3 

12 

Urban<D 

0 

0 

0 

0 

0 

27 

0 

0 

27 

Urban*F 

0 

0 

0 

0 

7 

8 

0 

0 

15 

Urban-1 

0 

0 

0 

0 

0 

14 

0 

0 

14 

Water-Al 

113 

0 

0 

0 

0 

0 

887 

0 

i  1000 

Water-A2 

0 

0 

0 

0 

0 

0 

1000 

0 

1000 

Water-C 

13 

0 

0 

0 

0 

0 

0 

0 

13 

TOTAL 

193 

0 

1255 

833 

1235 

350 

2119 

478 

6463 

APPENDIX  B 


Table  BS  Contingency  Table  Results  for  Trial  #4 


MODIFIED  BAYES  CONTINGENCY  RESULTS  -  Test  Dsu  >  B2  with  x^(6)  *  13^ 

MinVar  =  16  on  Water;  MinVar=3  on  other  classes 


CLASS 

Water  1 

B.Roof  D. 

Vet  C. 

Veg 

Asphalt 

Concrete 

Water  2 

Grass-B 

NULL 

CoastraetioB 

0 

0 

0 

0 

0 

0 

0 

0 

34 

ETL  Site 

0 

0 

0 

0 

0 

0 

0 

0 

26 

Parklaad  1 

0 

0 

33 

0 

0 

0 

0 

0 

27 

Hlfh  School 

0 

0 

0 

0 

0 

0 

0 

0 

28 

Mall 

0 

0 

0 

0 

0 

0 

0 

0 

62 

Parklaad  2 

0 

0 

0 

0 

0 

0 

0 

0 

69 

BarcSoll 

0 

0 

0 

0 

0 

0 

0 

0 

38 

Ftelds-A 

0 

0 

5 

0 

0 

0 

0 

0 

995 

Fields-C 

0 

0 

0 

0 

0 

0 

0 

0 

101 

FIclds-D 

0 

0 

0 

0 

0 

0 

0 

43 

63 

GrasS'A 

0 

0 

0 

0 

0 

0 

0 

0 

87 

Grass-C 

0 

0 

0 

0 

0 

0 

0 

6 

25 

Leaf 

0 

0 

699 

0 

0 

0 

0 

80 

221 

Pine 

0 

0 

0 

290 

0 

0 

0 

0 

103 

Road*A 

0 

0 

0 

0 

74 

0 

0 

1 

426 

Rnawaj'C 

0 

0 

0 

0 

1 

0 

0 

0 

77 

Rnaway^F 

0 

0 

0 

0 

0 

7 

0 

0 

90 

Swanp-A 

0 

0 

0 

0 

0 

0 

5 

0 

666 

Swamp-B 

0 

0 

0 

0 

0 

0 

0 

0 

12 

Urbaa-D 

0 

0 

0 

0 

0 

0 

0 

0 

27 

UrbaO'F 

0 

0 

0 

0 

0 

0 

0 

0 

15 

Urban-I 

0 

0 

0 

0 

0 

3 

0 

0 

11 

Watcr-Al 

2 

0 

0 

0 

0 

0 

874 

0 

124 

Water-A2 

0 

0 

0 

0 

0 

0 

996 

0 

4 

Watcr-C 

0 

0 

0 

0 

0 

0 

0 

0 

13 

TOTAL 

2 

0 

737 

290 

75 

10 

1875 

130 

3344 

98 


APPENDIX  B 


CoatlagcBcy  Table  RcinlU  for  Trial  *4  (contiaucd) 

MODIFIED  BAYES  CXINTINOENCY  RESULTS  -  Teet  Data  »  B2  with  X^(0 

MinVar  s  16  on  Water;  MinVarsS  oo  other  classes 


CLASS 

Water  1 

B.Roof 

D.  Vcg 

C.  Vcg 

Asphalt 

Coacrctc 

Water  2 

Grass-B 

NULL 

Coastrncttoa 

0 

0 

0 

0 

17 

0 

0 

0 

17 

ETL  Site 

0 

5 

0 

0 

0 

0 

0 

0 

21 

Parklaad  1 

0 

0 

60 

0 

0 

0 

0 

0 

0 

High  School 

0 

17 

0 

0 

0 

0 

0 

0 

11 

Mali 

0 

39 

0 

0 

0 

3 

0 

0 

20 

Parklaad  2 

0 

0 

0 

0 

0 

0 

0 

60 

9 

BareSoll 

0 

28 

0 

0 

0 

0 

0 

0 

10 

FIclds-A 

0 

282 

258 

0 

0 

5 

0 

70 

385 

Ficlds-C 

0 

2 

0 

0 

0 

1 

0 

0 

98 

Flclds-D 

0 

0 

2 

0 

0 

0 

0 

104 

0 

Grass-A 

0 

0 

0 

0 

0 

0 

0 

26 

61 

Grass-C 

0 

0 

2 

0 

0 

0 

0 

28 

1 

Leaf 

0 

0 

815 

11 

0 

0 

0 

174 

0 

Piac 

0 

0 

2 

378 

0 

0 

0 

6 

7 

Road-A 

0 

160 

0 

0 

147 

0 

0 

8 

186 

Ruaway-C 

0 

7 

0 

0 

69 

0 

0 

0 

2 

Rnaway-F 

0 

36 

0 

0 

0 

50 

0 

0 

11 

Swamp'A 

101 

0 

0 

30 

0 

0 

116 

0 

424 

Swamp-B 

0 

0 

0 

6 

0 

0 

0 

1 

5 

Urbaa-D 

0 

0 

0 

0 

0 

26 

0 

0 

1 

Urban*F 

0 

IS 

0 

0 

0 

0 

0 

0 

0 

Urbaa-l 

0 

1 

0 

0 

0 

12 

0 

0 

1 

Watcr-Al 

94 

0 

0 

0 

0 

0 

906 

0 

0 

Water-A2 

1 

0 

0 

0 

0 

0 

999 

0 

0 

Waler-C 

13 

0 

0 

0 

0 

0 

0 

0 

0 

TOTAL 

209 

592 

1139 

425 

233 

97 

2021 

477 

1270 

99 


r 
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APPENDIX  C:  Supporting  Data  for  Trial  5 
Tabic  Cl  Auto>Classification  Summary  for  Training  Set  B  -Unconsolidated 


NodMaesawoombiaed 


Tralalag  Dato  MYdT.lOOOSamplca  | 

1  Training  Data  MYOS.lOOOSamples 

Biqres 

Mahalanobia 

Euclidean  { 

Bayes 

Mahalanobia 

Euclidean 

Barcaoll 

0.00% 

0.00% 

0.00% 

0.00% 

2.63% 

Fi*lda-A 

36.80% 

1230% 

9.60% 

3.20% 

47.10% 

Fi«lda-C 

2.97% 

9.90% 

92.08% 

1.98% 

1.98% 

2.97% 

Fl«lda-D 

3.77% 

5.66% 

1132% 

0.00% 

0.00% 

4.72% 

Graaa-A 

2J0% 

5.75% 

230% 

1.15% 

12.64% 

1.15% 

Graaa-B 

0.00% 

833% 

16.67% 

0.00% 

0.00% 

12.50% 

Graaa-C 

0.00% 

16.13% 

16.13% 

0.00% 

3.23% 

6.45% 

Leaf 

3.10% 

27.30% 

830% 

130% 

1.80% 

6.50% 

Piae 

8.14% 

10.69% 

2.80% 

12.72% 

17.56% 

Road-A 

838% 

10.98% 

3034% 

3.99% 

6.99% 

19.36% 

Raawajr-C 

5.13% 

5.13% 

5.13% 

1.28% 

138% 

0.00% 

Ruaway-F 

0.00% 

0.00% 

4.12% 

0.00% 

0.00% 

0.00% 

Swamp-A 

0.45% 

0.30% 

30.40% 

134% 

3.13% 

9.84% 

Swaaip-B 

0.00% 

0.00% 

16.67% 

0.00% 

0.00% 

8.33% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

Urbaa-F 

0.00% 

0.00% 

6.67% 

0.00% 

0.00% 

0.00% 

Urbaa-I 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

7.14% 

Water-Al 

32.00% 

1030% 

34.60% 

10.40% 

15.50% 

34.90% 

Water-A2 

1630% 

42.50% 

20.70% 

15.00% 

10.80% 

34.10% 

Water-C 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 
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Table  Cl  Auto*ClassiflcaUoii  Summary  for  Training  Set  B  •Unconsolidated 

(continued). 


No  daaaes  are  combined 


1  Training  Data  AG85_1000Saniplet  | 

{Training  Data  OC85_1000Saniples  | 

Bayes 

Mahalanobis 

Euclidean 

Bayes 

Mahalanobis 

Euclidean 

Barcfoil 

0.00% 

0.00% 

2.63% 

0.00% 

0.00% 

7.89% 

Ftelds-A 

5.70% 

4.20% 

24.10% 

0.80% 

0.50% 

25.80% 

Flcids-C 

3.96% 

6.93% 

46J53% 

4.95% 

4.95% 

17.82% 

Ftelds-D 

8.49% 

7J5% 

20.75% 

5.66% 

4.72% 

15.09% 

Grass-A 

0.00% 

0.00% 

0.00% 

11.49% 

11.49% 

34.48% 

GrasS'B 

0.00% 

0.00% 

0.00% 

4.17% 

4.17% 

20.83% 

GrasS'C 

0.00% 

0.00% 

0.00% 

6.45% 

9.68% 

19.35% 

Leaf 

2.60% 

9.10% 

8.40% 

8.00% 

24.60% 

Pine 

2.80% 

6.62% 

11.70% 

2.80% 

15.27% 

3.82% 

Road'A 

1.80% 

0.80% 

7.98% 

239% 

1.80% 

32.14% 

Runway-C 

0.00% 

1.28% 

1.28% 

1.28% 

5.13% 

0.00% 

Runway-F 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

3.09% 

Swamp-A 

0.45% 

0.75% 

2.24% 

7.00% 

3.73% 

59.76% 

Swamp'B 

0.00% 

0.00% 

0.00% 

0.00% 

16.67% 

0.00% 

Urban*D 

0.00% 

0.00% 

0.00% 

0.00% 

0.00% 

3.70% 

Urban.F 

0.00% 

0.00% 

6.67% 

0.00% 

0.00% 

0.00% 

Urban-I 

0.00% 

0.00% 

14.29% 

0.00% 

0.00% 

0.00% 

Water-Al 

32.50% 

12.90% 

56.70% 

12.50% 

12.90% 

15.00% 

Water-A2 

11.00% 

29.80% 

24.60% 

7.00% 

7.30% 

17.70% 

Water-C 

0.00% 

0.00% 

7.69% 

0.00% 

0.00% 

0.00% 
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Table  Cl  Auto>Classificatioii  Summary  for  Training  Set  B  •Unconsolidated 

(continued). 


No  classes  are  combined 


1  Training  Data  MR89_1000Saniples  { 

Bayes 

Mahaianobis 

Eudidean 

Baresoll 

0.00« 

0.00% 

0.00% 

Flelds-A 

11.00% 

2.40% 

9530% 

Fields-C 

10.89% 

20.79% 

86.14% 

Fieids-D 

4.72% 

8.49% 

59.43% 

GrasS'A 

2.30% 

21.84% 

1839% 

GrasS'B 

0.00% 

50.00% 

20.83% 

Grass-C 

6.45% 

32.26% 

6.45% 

Leaf 

11.20% 

11.80% 

63.00% 

Pine 

636% 

336% 

34.86% 

Road-A 

1038% 

639% 

35.93% 

RuBwajT'C 

236% 

19.23% 

1.28% 

Rnoway-F 

5.15% 

6.19% 

16.49% 

Swamp-A 

2.68% 

3.87% 

29.81% 

Swamp'B 

0.00% 

833% 

0.00% 

0.00% 

0.00% 

7.41% 

Urbao'F 

0.00% 

0.00% 

6.67% 

Urban*! 

0.00% 

0.00% 

7.14% 

Water*Al 

47.90% 

14.10% 

57.60% 

Water-A2 

10.10% 

69.10% 

18.10% 

Water-C 

0.00% 

0.00% 

0.00% 
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APPENDIX  D:  Linear  Model  Results  for  Two  Endmembers 
Regression  and  ANOVA  Tables  Used  in  the  Mixture  Analysis 


DSP  VARt  aiaW_fiILL.  Ml  6  MOLTZPLB  Rt  0.990  SQUARED  KULTZl-LE  Ri  0.981 
ADJUSTED  SQUARED  KULTIPU  Ri  0.968  STANDARD  ERROR  OF  BSTZMATEi  5.027 


VARIABLE  COEFFICIENT 


STD  ERROR  STD  COEF  TOLERANCE 


T  P(2  TAIL) 


CONSTANT  5.993 

Loaf  CI33  0.196 

Watar  B190  0.710 


4.123 

0.047 

0.065 


0.000 

0.337 

0.881 


0.977 

0.977 


1.454 

4.184 

10.934 


0.242 

0.025 

0.002 


ANALYSIS  OF  VARIANCE 


SOURCE  SUH-OF-SQUABES 


DF  MEAN-SQUARE 


F-RATIO 


P 


REGRESSION 

RESIDUAL 


3907.349  2  1953.674 

75.814  3  25.271 


77.308  0.003 


MODEL  CONTAINS  MO  CONSTANT. 

DEP  VARi  Snaa-ClZi  Mi  6  multiple  Rt  0.996  SQUARED  MULTIPLE  Rl  0.992 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.990  STANDARD  ERROR  OP  ESTIMATE i  5.684 

VARIABLE  COEFFICIENT  STD  ERROR  STD  COEF  TOLERANCE  T  P(2  TAIL) 


Laaf  C133  0.241 

Matac  B190  0.753 


0.040 

0.065 


0.372 

0.706 


0.542  6.066  0.004 

0.542  11.508  0.000 


ANALYSIS  OF  VARIANCE 


SOURCE  SUM-OF-SQUARES 


DF  MEAN-SQUARE 


F-RATZO 


REGRESSION  15732.427  2 

RESIDUAL  129.210  4 


7866.214  313.517 

32.302 


P 

0.000 


DEP  VARi  ««■«  ei7A  Nt  6  MULTIPLE  Ri  0.956  SQUARED  MULTIPLE  Ri  0.915 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.858  STANDARD  ERROR  OF  ESTIMATE!  10.642 


VARIABLE 

COEFFICIENT 

STD  ERROR 

STD  COEF 

TOLERANCE 

T  P(2 

TAIL) 

CONSTANT 

-3.315 

17.755 

0.000 

-0.187 

0.864 

Conerata  B162 

0.177 

0.141 

0.239 

0.783 

1.255 

0.298 

watar  B190 

0.662 

0.154 

0.821 

0.783 

4.310 

0.023 

ANALYSIS  OF  VARIANCE 


SOURCE  SUM-OF-SQUARES  DF  MEAN-SQUARE 


F-RATIO 


REGRESSION 

RESIDUAL 


3643.416  2  1821.708 

339.747  3  113.249 


P 

0.025 
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Regression  end  ANOVA  Tables  Used  in  the  Mixture  Analysis  (continued) 

HODEIi  CeWTAZMS  MO  C<»ISTAMT. 

DSP  VAXi  gKUft-ClZl  N>  6  HULTZPLX  Rt  0.989  SQUARED  MULTZPU  Rt  0.978 

ADJUSTED  SQUARED  MULTIPLE  Rl  0.973  STANDARD  ERROR  OF  ESTIMATEi  9.269 

VARIABLE  COEFFICZEMT  STD  ERROR  STD  CCSP  TOLERANCE  T  P(2  TAIL) 

Coaerot*  B162  0.152  0.045  0.414  0.357  3.367  0.028 

Watar  B190  0.667  0.131  0.625  0.357  5.080  0.007 

ANALYSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARES  DF  MEAN-SQUARE  F-RATIO  P 

REGRESSION  15517.943  2  7758.971  90.301  0.000 

RESIDUAL  343.694  4  85.924 


MODEL  CONTAINS  MO  CONSTANT. 

DEP  VARl 

awsm  cm 

Ml  6 

MULTIPLE  Rs  0.999  SQUARED 

MULTIPLE  Rs  0.999 

ADJUSTED  SQUARED  MULTIPLE  Rt 

0.999  STANDARD  ERROR  OP  ESTIMATE!  2.066 

VARIABLE 

COEFFICIENT 

STD 

ERROR  STD  COEF  TOLERANCE 

T  P(2  TAIL) 

Oraaa  C125 

0.220 

0 

.013  0.395  0.525 

17.457  0.000 

watar  B190 

0.731 

0 

.024  0.685  0.525 

30.274  0.000 

ANALYSIS  OF  VARIANCE 

SOURCE 

SUM-OF-SQUARES 

DF 

MEAN-SQUARE  F-RATIO 

P 

REGRESSION 

15844.564 

2 

7922.282  1856.111 

0.000 

RESIDUAL 

17.073 

4 

4.268 

MODEL  CONTAINS  MO  CONSTANT. 

DEP  VARl 

Ns  6 

MULTIPLE  Rs  0.998  SQUARED 

MULTIPLE  Rs  0.997 

ADJUSTED  SQUARED  MULTIPLE  Ri 

0.996  STANDARD  ERROR  OF  ESTIMATEi  3.508 

VARIABLE 

COEFFICIENT 

STD 

ERROR  STD  COEF  TOLERANCE 

T  P(2  TAIL) 

Oraaa  C123 

0.232 

0. 

023  0.418  0.457 

10.154  0.001 

Watar  B190 

0.693 

0. 

044  0.649  0.457 

15.755  0.000 

ANALYSIS  OF  VARIANCE 

SOURCE 

SUM-OF-SQUARES 

DF 

MEAN-SQUARE  F-RATIO 

P 

REGRESSION 

15812.424 

2 

7906.212  642.604 

0.000 

RESIDUAL 

49.214 

4 

12.303 
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Regrcision  and  ANOVA  Tables  Used  In  the  Mixture  Analysb  (continued) 

MODEL  CmTAIMS  MO  CONSTANT. 

DEP  VARi  ms  h,  6  MULTIPLE  Ri  0.999  SQUARED  MULTIPLE  R>  0.997 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.997  STANDARD  ERROR  OP  ESTIMATEi  3.249 

VARIABLE  COEFFICIENT  STD  ERROR  STD  COEF  TOLERANCE  T  P(2  TAIL) 

Pine  B140  0.402  0.037  0.492  0.332  10.993  0.000 

Water  B190  0.593  0.048  0.555  0.332  12.398  0.000 

ANALYSIS  OF  VARIANCE 

SCXmCE  SUM-OF-SQUARES  DF  MEAN-SQUARE  F-RATIO  P 

REGRESSION  15819.416  2  7909.708  749.357  0.000 

RESIDUAL  42.221  4  10.555 

MODEL  CONTAINS  NO  CONSTANT. 

DEP  VARi  awn  eilS  Ml  6  MULTIPLE  Ri  0.996  SQUARED  MULTIPLE  Rt  0.992 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.989  STANDARD  ERROR  OF  ESTIMATE!  5.780 

VARIABLE  COEFFICIENT  STD  ERROR  STD  COEF  TOLERANCE  T  P(2  TAIL) 

Aaptaalt  B160  0.572  0.084  0.740  0.176  6.770  0.002 

Pise  B140  0.224  0.089  0.275  0.176  2.516  0.066 

ANALYSIS  OF  VARIANCE 

SOURCE  SUH-OF-SQUARES  DF  MEAN-SQUARE  F-RATlO  P 

REGRESSION  15728.014  2  7864.007  235.409  0.000 

RESIDUAL  133.623  4  33.406 
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Regreislon  and  ANOVA  Tables  Used  ia  the  Mixture  Analysto  (coutlnued) 

COHTAIMS  MO  OMSTAMT. 

OSP  VARi  *•'■'»*  Ml  6  MOI.TIPLB  Ri  0.989  SQUARED  MULTIPLE  Ri  0.979 

ADJUSTED  SQUARED  MULTIPLE  Ri  0.974  STAMDARD  ERROR  OP  ESTIMATE i  9.150 

VARIABLE  COEFFICIEMT  STD  ERROR  STD  COBP  TOLERANCE  T  P(2  TAIL) 

Asphalt  also  0.697  0.203  0.901  0.076  3.426  0.027 

Natsr  B190  0.098  0.281  0.092  0.076  0.348  0.745 

ANALYSIS  OP  VARIANCE 

SOURCE  SUM-OP-SQUARBS  DP  MEAN-SQUARE  P-RATIO  P 

REGRESSION  15526.728  2  7763.364  92.722  0.000 

RESIDUAL  334.909  4  83.727 

MODEL  CONTAINS  MO  CONSTANT. 

DBP  VARt  fliiaBBJClli  Ml  6  MULTIPLE  Rt  0.996  SQUARED  MULTIPLE  Ri  0.991 

ADJUSTED  SQUARED  MULTIPLE  Ri  0.989  STAMDARD  ERROR  OP  ESTIMATE i  5.875 

VARIABLE  COEPPICIEMT  STD  ERROR  STD  COBP  TOLERANCE  T  P(2  TAIL) 

Asphalt  B160  0.652  0.059  0.843  0.379  11.122  0.000 

Leaf  C133  0.120  0.049  0.186  0.379  2.449  0.071 

ANALYSIS  OP  VARIANCE 

SOURCE  SUM-OP-SQUARES  DP  MEAN-SQUARE  P-RATIO  P 

REGRESSION  15723.595  2  7861.798  227.809  0.000 

RESIDUAL  138.042  4  34.510 

MODEL  CONTAINS  NO  CONSTANT. 


DEP  VARt  AOBB-SUA  6  MULTIPLE  Rt  0.993  SQUARED  MULTIPLE  Rt  0.987 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.983  STANDARD  ERROR  OP  ESTIMATEt  7.269 


VARIABLE 

OSPPICIEMT 

STD  ERROR  STD  COEP  TOLERANCE 

T  P(2  TAIL) 

Oraaa  C125 
Asphalt  B160 

0.090 

0.661 

0.057  0.162  0.320 

0.079  0.855  0.320 

1.591  0.187 

8.388  0.001 

ANALYSIS  OP  VARIANCE 

SOURCE  SUM-OP-SQUARBS 

DP  MEAN-SQUARE  P-RATIO 

P 

REGRESSION 

RESIDUAL 

15650.270 

211.367 

2  7825.135  148.086 

4  52.842 

0.000 
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RcfrcssloB  and  ANOVA  Tablet  Used  la  the  Mixture  Analytb  (coBtlnued) 

NOOBL  COMTJaMS  BO  COMSTAMT. 

DBP  VAKt  «’<•»«  Hi  «  HOLTZPU!  Rt  0.999  SQUARXO  NULTZPLX  Ri  0.999 

ADJUSTED  SQUARED  KOLTIPLE  Rt  0.999  STANDARD  ERROR  OF  ESTZHATEi  1.974 

VARZABU  COEFFZCZENT  STD  ERROR  STD  COBP  TOIXRAMCB  T  P(2  TAIL) 

Leaf  C133  0.134  0.014  0.223  0.542  9.693  0.001 

Water  B190  0.827  0.023  0.835  0.542  36.357  0.000 

AMALYSZS  OP  VARZAMCB 

SOURCE  SUM-OF-SQUARES  OF  MEAN-SQUARE  F-RATZO  P 

RBORESSZCW  13622.411  2  6811.205  1747.836  0.000 

RESZDUAZ.  15.588  4  3.897 

NOOSI.  OniTAZNS  NO  CONSTANT. 

DEP  VARi  rna  Hi  6  MULTIPLE  Ri  0.995  SQUARED  MULTIPLE  Ri  0.990 

ADJUSTED  SQUARED  MULTIPLE  Rl  0.987  STANDARD  ERROR  OF  ESTIMATE i  5.846 

VARIABLE  COEFFZCZENT  STD  ERROR  STD  COBF  TOLERANCE  T  P(2  TAIL) 

Coaerete  B162  0.076  0.029  0.224  0.357  2.677  0.055 

water  B190  0.798  0.083  0.806  0.357  9.629  0.001 

ANALYSIS  OF  VARZAMCB 

SOURCE  SUM-OF-SQUARES  DF  MEAN-SQUARE  F-RATZO  P 

RSGRESSZON  13501.276  2  6750.638  197.498  0.000 

RESIDUAL  136.723  4  34.181 

MODEL  CONTAINS  MO  CONSTANT. 

DEP  VARi  ri7a  Ml  6  MULTIPLE  Rt  1.000  SQUARED  MULTIPLE  Ri  1.000 

ADJUSTED  SQUARED  MULTZPLE  Ri  1.000  STANDARD  ERROR  OP  ESTIMATE i  0.959 

VARIABLE  COEFFICIENT  STD  ERROR  i,r..  COEF  TOLERANCE  T  P(2  TAIL) 

Oraaa  C125  0.119  0.006  0.230  0.525  20.282  0.000 

water  al90  0.819  0.011  0.828  0.525  73.060  0.000 

ANALYSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARES  OF  MEAN-SQUARE  F-RATZO  P 

REGRESSION  13634.322  2  6P1''  161  .417.773  0.000 

RESIDUAL  3.676  4  O.VIS 
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RtgrcMioB  aad  ANOVA  Tablet  Used  la  the  MIxtarc  Anaijsia  (continued) 

Hoonx.  conTAzna  no  coustmit. 

DBP  VARl  MHB-fiUA  Nl  <  MULTZPLS  Ri  0.985  SQUARED  MULTIPLE  Rt  0.970 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.982  STAHDARD  ERR(»l  OF  ESTIMATES  10.143 

VARIABLE  COBFrXCZEHT  STD  ERROR  STD  COEF  TOLERANCE  T  P(2  TAIL) 

Asphelt  nlSO  0.727  0.110  1.015  0.320  6.612  0.003 

Orase  CiaS  >0.019  0.079  -0.036  0.320  -0.238  0.824 

ANALYSIS  OP  VARIANCE 

SOURCE  SUM-OP-SQUARES  DP  MEAN-SQUARE  P-RATIO  P 

RECaiSSSION  13226.475  2  6613.237  64.281  0.001 

RESIDUAL  411.524  4  102.881 

ttOOEL  CONTAINS  NO  CONSTANT. 

OEP  VARl  annB-fii2i  Ni  6  MULTZPLS  Ri  1.000  SQUARED  MULTIPLE  Ri  1.000 

ADJUSTED  SQUARED  MULTIPLE  Rl  1.000  STANDARD  ERROR  OP  ESTIMATE:  0.978 

VARIABLE  COEFFICIENT  STD  ERROR  STD  CORF  TOLERANCE  T  P(2  TAIL) 

Piae  B140  0.219  0.011  0.289  0.332  19.871  0.000 

Meter  Bl»0  0.742  0.014  0.750  0.332  51.555  0.000 

ANALYSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARES  DF  MEAN-SQUARE  F-RATZO  P 

REGRESSION  13634.170  2  6817.085  7123.011  0.000 

RESIDUAL  3.828  4  0.957 

OEP  VARt  — etTS  Ht  6  MULTIPLE  Ri  0.979  SQUARED  MULTIPLE  Rt  0.958 

ADJUSTED  SQUARED  MULTIPLE  Ri  0.931  STANDARD  ERROR  OF  ESTIMATE:  7.867 

VARIABLE  COEFFICIENT  STD  ERROR  STD  COST  TOLERANCE  T  P(2  TAIL) 

COnSXANT  -14.536  7.601  0.000  -1.912  0.152 

Fine  B140  0.145  0.134  0.155  0.672  1.082  0.358 

Aephelt  B160  0.774  0.126  0.882  0.672  6.142  0.009 

ANALYSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARES  OF  MEAN-SQUARE  F-RATZO  P 

REGRESSION  4285.012  2  2142.506  34.616  0.008 

RESIDUAL  185.678  3  61.893 
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RcptssloB  rad  ANOVA  Tablci  Used  la  the  Mixtarc  Aaalysis  (coatiaued) 

i»v  vMti  >•  c  mvTxrLM  at  0.971  sgojuiio  ii0i.Tzau  at  0.942 

ADJuano  sgcmaao  noltxkji  at  0.92a  stamdmd  aaaoa  aaTZMani  8.034 

vMixrau  coBPrzcxnn  ars  aaaoa  arc  oxr  TOLaaraca  t  9(2  tazl) 

coaasaas  -ii.oia  7.01s  0.000  -i.s70  0.191 

aepiMit  also  0.8S2  o.ios  0.971  1.000  8.079  0.001 

MUu;.y8Z8  or  vrazaaca 

sooaca  soM-OF-SQuaaas  or  NBAH-SQUAaa  p-ratzo  p 

aacmasazoa  4212.539  1  4212.539  ts.ni  0.001 

aaSZDUAI.  258.151  4  64.538 

NOOBL  COUTAZaS  MO  COMSTAMT. 

Dap  vAat  ttna-SlU  »<  <  i«ii.TXPta  at  o.98S  sqoabxd  koltzplb  ri  0.970 

ADJUSTBD  SQUAREO  KULTXPLB  Rt  0.962  STAMOARO  ERROR  OP  ESTIMATE t  10.149 

VARIABLE  COEPPZCZEMT  STD  ERROR  STD  COEP  TOLERANCE  T  9(2  TAZL) 

Pin*  ai60  0.035  0.157  0.047  0.176  0.226  0.832 

Aaphalt  B160  0.675  0.148  0.942  0.176  4.553  0.010 

AMALTSXS  OP  VARZAMCE 

SOURCE  SUN-OP-SQOARES  DP  NBAM-SOUARS  P-RATZO  P 

RE6RSSSZOH  13225.952  2  6612.976  66.196  0.001 

RESZDOAL  412.047  4  103.012 
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RcgrcMioa  and  ANOVA  Tablet  Used  ia  the  Mlztare  Aaalysit  (coatlaaed) 

HOOBL  coaTAxas  ao  coastAar. 

SEP  vAAi  fanajBlU  >•  c  miltzplb  at  0.990  squakzo  moltiplb  ri  0.980 

AOJOariD  SQOARSD  KOLTZPLI  Ri  0.97S  8TAM0AR0  RRROR  OF  BSTZHATBi  9.050 

VARIABLE  COaPPICIEar  8TO  ERROR  8TO  COBP  TOLBRABCE  T  P(2  TAIL) 

LM(  cm  0.280  0.063  0.423  0.542  4.428  0.011 

Water  B190  0.713  0.104  0.654  0.542  6.844  0.002 

AHALTSIS  OF  VARZAWCB 

SOURCE  SUN-OF-SQUARES  OF  MEAH-SQUARE  F-RATIO  P 

REGRESSZOa  16256.170  2  8128.085  99.243  0.000 

RESIDUAL  327.604  4  81.901 

MODEL  COMTAiaS  WO  COaSTAWT. 

DEP  VARi  man  nn  M<  <  multiple  Rt  0.997  SQUARED  MULTIPLE  Ri  0.995 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.994  STAMDARD  ERROR  OF  ESTIMATE!  4.625 

VARIABLE  COEFFICIEMT  STD  ERROR  STD  COBF  TOLBRAMCB  T  P(2  TAIL) 

Oraaa  C12S  0.263  0.028  0.461  0.525  9.295  0.001 

Water  B190  0.679  0.054  0.622  0.525  12.561  0.000 

AWALY8IS  OF  VARIAMCE 

SOURCE  SUM-OF-SQUARES  DF  KBAM-8QUARE  F-RATIO  P 

REORESSIOW  16498.212  2  8249.106  385.647  0.000 

RESIDUAL  85.561  4  21.390 

DEP  VARi  mBB_ClZA  Ml  6  MULTIPLE  Ri  0.999  SQUARED  MULTIPLE  Ri  0.998 

ADJUSTED  SQUARED  MULTIPLE  Rt  0.996  STANDARD  ERROR  OF  ESTIMATE i  1.642 

VARIABLE  COEFFICIENT  STD  ERROR  STD  COEF  TOLERANCE  T  P(2  TAIL) 

COaBSABT  -5.700  1.616  0.000  -3.527  0.039 

Leaf  cm  0.175  0.015  0.319  0.956  11.354  0.001 

Asphalt  B160  0.693  0.022  0.882  0.956  31.400  0.000 

ANALYSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARES  DF  MEAN-SQUARE  F-RATIO  P 

REGRESSICM  3566.358  2  1783.179  661.567  0.000 

RESIDUAL  8.086  3  2.695 
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APPENDIX  E:  Linear  Model  Results  for  Tliree  Endmembers 


RcgrcMioB  Rcsaltf  for  Thrcc<EBdBeaib«r  Mlxtan  AnalytU 

VMl  tmtmJillL.  ■>  <  NnLTZPLI  Ri  0.999  SQOAMU)  MOLTIPLB  Ri  0.999 

RDOVSnO  SflPRRSD  MDLTXPLI  Ri  0.998  8TRROAIIO  BRROR  OP  BSTZMATBi  2.459 


VARIABLE 

OOBFPZCZBNT 

STD  ERROR 

STD  CORF  TOLERABCE 

T  P(2 

TAIL) 

LmS  C13S 

0.172 

0.023 

0.266 

0.290 

7.338 

0.005 

OOROMt*  RISE 

0.070 

0.016 

0.191 

0.191 

4.286 

0.023 

URtMT  8190 

0.666 

0.035 

0.624 

0.357 

19.113 

0.000 

ANALYSIS  OF  VARIANCE 

SOURCE  Stat-OF-SgOARES  DF 

MEAH-SgUABE 

F-RATZO 

P 

REGRESSION 

RESIDUAL 

15843.500  3 

18.137  3 

5281.167 

6.046 

iia.m 

0.000 

RESIDUALS 

B1 

B2  B3 

B4 

BS  B7 

Iissf,  Nstsr 

-1.05 

-1.28  2.68 

-4.77 

8.64  4.68 

Conor sts , Wntor 

2.01 

-4.28  -8.29 

14.71 

0.63  -5.97 

Concrots ,Nstsr , 

tmmt  1.45 

-2.30  -1.93 

-1.11 

2.30  -0.71 

DURBIM-WiUrSOH  D  8TATZ8TZC  1.961 
FIRST  ORDER  ADTOCCitREZATZOM  >0.052 

EZ6EIIVRZ.UBS  OF  OMIT  SCAZ^O  X'X 

1 

2.550 

CCaiDZTZON  ZROZCES 

1 

1.000 

VARZAMCB  PROPORTIONS 

1 

C133  0.037 

B162  0.027 

B190  0.044 


2  3 

0.325  0.125 

2  3 

2.799  4.518 

2  3 

0.375  0.588 

0.005  0.968 

0.628  0.328 


CORREZATZON  HATRZX  OF  REGRESSION  COBFFZCZENTS 


C133 


B162 


B190 


C133 

B162 

B190 


1.000 

-0.682 

-0.005 


1.000 

-0.583 


1.000 
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APPENDIX  E 


Rcgrctsloa  RctalU  for  Thrcc-EadmcHbcr  Mixture  Analysis  (continued) 


OBP  VARi  An 

>— »  Ml 

6 

MULTIPLE  Rt 

1.000  SQUARED  MULTIPLE  Ri 

1.000 

ADJUSTED  SQUARED  MnDTIPLE  Ri  0.999  STANDARD 

ERROR  BSTXMATBt 

1.361 

VARIABLE 

COEFFICIENT 

STD 

ERROR  STD 

COSF  TOLERANCE 

r  P(2  TAIL) 

nrue  C12S 

0.192 

0.014 

0.344  o.rio 

13.512 

0.001 

Ceaerete  B162 

0.028 

0.011 

0.077  0.123 

2.494 

0.088 

Hater  B190 

0.703 

0.019 

0.659  0.351 

36.125 

0.000 

AMALXSIS  OF  VARIANCE 

SOURCE  SUM-OF-SQUARBS 

DF 

MEAN-SQUARE 

F-RATIO  P 

RB6RBSSXOH 

15856.081 

3 

5285.360 

0.000 

RESIDUAL 

5.556 

3 

1.852 

RESIDUALS 

El 

B2  E3 

B4  BS 

B7 

Concrete, Water,  Oraaa 

0.77 

-2.00  -0.08  -0.49  0.80 

-0.25 

DORaXH-WAXSOM  D  STATISTIC  2.575 
FIRST  ORDER  ADTOCCRUUSLATION  -0.34S 

BxcBinna.uES  of  uhit  scauso  x'x 

1 

2.599 

condxtxoh  imdicbs 

1 

1.000 

VARIANCE  PROPORTIONS 

1 

C125  0.023 

B162  0.017 

B190  0.041 


2  3 

0.324  0.077 

2  3 

2.831  5.828 

2  3 

0.184  0.793 

0.012  0.971 

0.690  0.269 


CORRELATXCBf  MATRIX  OF  REGRESSION  COEFFICIENTS 

C125  B162  B190 

C125  1.000 

B162  -0.810  1.000 

B190  0.137  -0.576  1.000 
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UST  OF  ACRONYMS 


AFB 

Air  Force  Base 

AVIRIS 

Airborne  Visible/  Infrared  Imaging  Spectrometer 

DMA 

Defense  Mining  Agency 

DOC 

Degree  of  Cmnpliance 

GSD 

Ground  Sampling  Distance 

GT 

Ground  Truth 

IFOV 

Instantaneous  Field  of  View 

ISODATA 

Iterative  Self-Organizing  Data  Analysis  Techniques  A 

JPL 

Jet  Propulsion  Laboratory 

LAS 

Land  Analysis  System 

MVN 

Multivariate  Normal 

NHAP 

National  High  Altitude  Photography 

RGB 

Red,  Green,  Blue 

RW 

Runway 

SPL 

TECs  Space  Programs  Laboratory 

SRTF/MBIPS 

Space  Research  Test  Facility,  Multiband  Image  Processing  System 

TEC 

U.S.  Army  Topographic  Engineer  Center 

TM 

Landsat  Thematic  M{q)per 

TTADB 

DMA's  Tactical  Terrain  Analysis  Data  Base 
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